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Deformable Registration of Supine and Prone   

Colons for CT Colonography 
 

Jung Wook Suh 

(Abstract) 

State-of-the-art three-dimensional endo-luminal virtual colonoscopy (VC) or CT colonography 
(CTC) is a minimally invasive medical procedure that examines the entire colon in order to detect 
polyps and colorectal cancer. Most colon cancers malignantly transform from polyps, which are 
extra growths on the surface of the mucous membrane. Three dimensional endoscopic colon lumen 
interior images offered by CTC allow physicians to examine the colon interactively. Thus, CTC has 
several advantages over conventional optical colonoscopy including reduced risk. One of the 
challenging problems that prevent practical use in clinical situations is the complexity of the human 
colon. The colon’s deformation by peristalsis and the diverse shapes of polyps make it difficult to 
distinguish polyps from other non-threatening entities in the colon. Hence, most CTC protocols 
acquire both prone and supine images to improve the visualization of the lumen wall, reduce false 
positives, and improve sensitivity. Comparisons between the prone and supine images can be 
facilitated by computerized registration between the scans. In this dissertation, two algorithms for 
registering colons segmented from prone and supine images are presented. First is an algorithm for 
three dimensional registration of the prone and supine colon when both are well distended and there 
is a single connected lumen. Second is another registration algorithm between colons with 
topological differences caused by inadequate bowel preparation or peristalsis. Such topological 
changes make deformable registrations of the colons difficult, and at present there are no 
registration algorithms which can accommodate them. The first algorithm uses feature matching of 
the colon centerline and a modified version of the demons deformable registration algorithm to 
define a deformation field between the prone and supine lumen surface. The second method utilizes 
embedded map representation of colon volume. The two proposed colon registration methods will 
contribute to improving the accuracy of the computerized registration process and increasing the 
versatility of the clinical use of CT colonoscopy. 
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CHAPTER 1. INTRODUCTION AND BACKGROUND 
 

Colorectal cancer is the second leading cause of cancer deaths in the United States. There are 
approximately 130,000 new cases of colorectal cancer and 60,000 deaths from it each year in the 
United States [1,2,3]. Most colon cancers malignantly transform from polyps (extra growths from 
the surface of a mucous membrane). The risk of developing colon cancer can be reduced by early 
detection and removal of colorectal polyps via screening [17]. CT colonography (CTC) or Virtual 
colonoscopy (VC) is a minimally invasive technique for examining the whole colon to detect 
colorectal polyps and colon cancer. Unlike conventional optical colonoscopy, CT colonography is 
minimally invasive, cost-effective, and largely free of risks and side effects such as perforation and 
infection. Most of all, CTC is a more patient friendly procedure than conventional optical 
colonoscopy [17]. Therefore, CT colonography is an advantageous tool for screening and surgical 
planning.  

One of the challenging problems in clinical situations is caused by the complexity of the human 
colon.  Colon deformation by peristalsis and the diverse shapes of polyps make it difficult to 
distinguish polyps from other non-threatening entities in the colon [22]. The presence of liquid stool 
also increases the difficulty of examining the colon lumen for detection of polyps. Remaining stool 
without contrast enhancement will conceal different locations in the lower parts of the interior colon 
depending on the position of the patients (prone or supine) for CT scanning. Thus, comparison or a 
registration technique that combines the prone and supine examination results is required to 
formulate a complete image for computer-aided diagnosis. This is not only a non-rigid registration 
problem but also a topological problem because there may be missing parts in the images (supine, 
prone, or both) due to collapsed regions in the colon. These missing parts cause topological 
differences which renders the conventional registration process infeasible. This problem of 
topological differences has not been studied because of the high difficulty in reconstructing the 
missing parts of the colon (position and shape). Also, non-rigid registration techniques are still the 
subject of ongoing research; there is no dominant algorithm for non-rigid registration.  

    My dissertation offers colon registration methods which can deal with the severe deformation 
and topological problems of the colon images for CT colonography. To achieve this goal, the 
research process is subdivided into the following stages.  

 
1. The centerline of the colon is extracted. It is difficult to describe the comparative 
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location of a part of the colon except by the colon centerline because of the normal 
colonic movement like peristalsis and the shape changes of the colon caused by the 
patient’s weight when the patient is in the prone position. The colon centerline is 
usually used for a brief colon shape representation, a polyp location registration, and a 
path guiding for virtual camera navigation along the colon lumen. In this dissertation, 
the extraction of a reliable centerline is implemented using Ming et al. [17]’s centerline 
extraction algorithm. 

2. The centerlines of the two colons are analyzed to find the matched region between the 
supine and prone colons. A centerline piecewise matching algorithm is developed as 
part of a full registration method for supine and prone CT colonography image data. 
The motivation for this algorithm is that while the supine and prone CTC images as a 
whole would not match in shape, certain parts of the images match because of the colon 
deformation.   

3. An extended demons algorithm with level-set representation is presented for an 
effective 3D registration method. A level-set representation of the object boundary 
using a distance map is presented as an input to demons registration algorithm [47] for 
supine and prone image data. From this level-set representation, the demons algorithm 
can register the 3D volumes with high accuracy even though the two binary objects are 
very separated and less overlapped.  

4. An embedded map representation of the segmented images is proposed for registration 
of segmented colons from CT colonography images when there is a topological 
difference between the shapes. This occurs when there is a collapsed segment during 
shifting of the patient between acquisitions. Deformable registration of images 
undergoing topological change is a relatively unexplored aspect of registration, but one 
that is important in real world imaging situations, as the application to CT 
colonography shows. 

 
This dissertation is organized as follows. The following parts of this chapter discuss the 
necessary background and provide a literature review related to registration, colon, distance 
transforms, colonography, centerline generation and level set methods. The next two chapters 
are independent papers in themselves. Chapter two presents a three-dimensional deformable 
registration method which can deal with severe deformation of colons. The proposed method is 
a two-step algorithm to register the segmented prone and supine lumens. First, a feature-based 
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registration is used to align the lumens approximately about their centerlines, defining an 
initial non-linear deformation field. Second, this initial estimate of the deformation field is 
refined using a volume-based deformable registration technique such as the extended demons 
algorithm. In chapter three, a registration algorithm which can handle topological changes to 
the prone/spine colon registration problem is presented. The topological difference between the 
shapes occurs when there is a collapsed segment during shifting of the patient between 
acquisitions. The algorithm presented in chapter three can accommodate such changes. 

 

1.1 Significance of the research 
In this dissertation, colon registration methods which can deal with three dimensional deformation 
between supine and prone colons are proposed. The significance of this project can be considered 
from three points of view: Clinical importance, novelty, and the influence on related research fields. 

As mentioned earlier, colon cancer is the second leading cause of cancer deaths in the United 
States, and occurs when polyps present in the colon turn malignant. Therefore, early detection of the 
polyp is very important in reducing the risk of development of colon cancer. Compared with 
conventional optical colonoscopy, CT colonoscopy has many advantages. Its main advantages are 
the ability to observe the whole colon quickly without sedation or risk of perforation [41]. However, 
CT colonoscopy still has many challenges for the practical use in clinical situations. One of the 
challenging problems is three dimensional severe deformations between supine and prone colons. 
The colon shape is diverse, even more so than the human face. Besides, shape changes of colons 
caused by peristalsis and the scanning posture of a patient are non-rigid and non-linear. Thus, it is 
not a simple problem to register them. Another problem comes from the topological difference due 
to the possibility of missing parts in the reconstructed CT images by residual stool or inadequate 
colonic distention. This topological difference of reconstructed colon volume makes it very difficult 
to detect the polyp from the fully automated analysis of the colon. Therefore, if a reliable method 
which can deal with severely deformed colons can be obtained, it will contribute to practical use of 
CT colonoscopy in clinical situations. 

From the viewpoint of maturity of the research, this research project is a sole starting trial for 
the three dimensional deformable registration between supine and prone colons.  No previously 
published work has dealt with three dimensional deformable registration including the topological 
difference problem. Only one research group [40], from Stanford University, has attempted to 
register the supine centerline with the prone centerline. However, their approach is not fully three 
dimensional. A single paper by a research group [45] in France deals with topologically different 
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two dimensional brain images. Thus, this research may open the door to the solution for the 
topological difference problem in registration. 

Related computer-aided detection and diagnosis (CAD) fields (such as virtual bronchoscopy, 
virtual angioscopy, virtual cystoscopy, virtual laryngoscopy, virtual myelography, and others [44]) 
also deal with long tube-like organs and the images of those organs may have similar challenges to 
those in CT colonoscopy to different degrees. Therefore, the results in this work will also contribute 
to the other CAD fields.  

 

1.2 Background 
To provide the background for this research, several brief explanations are introduced in the 
following sections. First are the purpose, classification, and other features of registration. Next, 
descriptions of colon and colon polyps are introduced. Then the background on CT colonography 
(as related to this problem) is discussed. The objective of CT colonography, the advantages of CT 
colonography over the conventional optical colonoscopy, and current limitations of CT 
colonography are explained. After that, the centerline extraction algorithms are discussed, as the 
centerline plays an important role in CT colonography. A discussion of distance transforms is 
included because one of the major centerline extraction algorithms is based on it. 

 
 

1.2.1   Image registration 
Image registration is the process of geometrically aligning two or more images of the same scene. 
Typically, the source image is aligned to the reference image, also called target image, by spatial 
transformation. Image registration is often used as a preliminary step before other image processing 
applications. Medical images generated by different modalities such as MRI and SPECT, require 
image registration for diagnostic purposes.  

For clinical use, the images from PET, SPECT and MR Spectroscopy can support excellent 
functional information while their descriptive information for anatomical structure is insufficient 
due to low resolution. In contrast, the images from CT, MRI and Ultrasound have good descriptive 
information but poor functional information. So the image registration or data fusion between 
PET/SPECT images and CT/MRI images can combine both anatomical information and functional 
information.  

The brain was the first organ to which image registration was clinically applied. The brain, 
unlike the heart or the abdomen, is a comparatively rigid body, which does not change its shape or 
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size over a short period of time. Thus, comparatively simple transformations such as translation and 
rotation can be applied to brain registration within a single subject. In contrast, the internal organs, 
which are mainly composed of soft tissues, may change their shape over a short period of time. This 
type of transformation is called “non-rigid” and is much more difficult than rigid cases because of 
the substantial anatomical variability across individuals and time [38, 39].  

The process of image registration always involves finding transformations that relate spatial 
information conveyed in one image to that in another or in physical space [5]. In case of registration 
between supine and prone colon in CT colonography, the voxel order CT-scanned at the patient's 
prone posture does not conform to the voxel order CT-scanned at the patient's supine posture as 
shown in Figure 1.1. Therefore, either the supine or prone colon data should be flipped before the 
registration processing using a known rigid transform. 

 

               

                 (a) Prone data                        (b) Supine data 

Figure 1.1 CT-scanned data with different order at prone and supine posture. 

 
A deformation vector field is generated after image registration. In case of rigid transforms, the 

entire deformation field will have uniform vectors, which enable the original shape to be maintained 
after transform (Figure 1.2 (a)). In case of non-rigid transforms, the deformation vectors vary 
spatially, however in general, there is a regularization (smoothing) condition required to avoid 
abrupt change of vectors (Figure 1.2 (b)). Without this smoothing condition, an abrupt change in the 
vector field makes the registration process unstable (Figure 1.2 (c)).  
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Uniform deformation vector fieldUniform deformation vector field

After deformation

Figure 1.2 Effect of deformation vector field 

 

In the demons algorithm, the initial intensity disparity generates the deformation field (Figure 
1.3(a)). This initial deformation field is propagated to neighbor pixels by smoothing (Figure 1.3(b)). 
The deformation process iterates while maintaining local shape structure (Figure 1.3 (c) and (d)). 
However, when there is no regularization condition, the initial deformation vectors are not 
propagated to neighboring voxels (Figure 1.4(a)), and the corresponding regions are torn out 
(Figure 1.4(b)). Therefore, the deformation process becomes unstable and cannot progress. Most 
non-rigid deformable registration methods have a smoothness constraint in some form. For 
examples, B-spline terms in spline based non-rigid registrations ([75, 76]) and elastic terms in 
elastic registration ([77, 78]). In case of topologically different registration, the registration 
algorithm should allow abrupt change of its deformation field and intensity variation with the 

After deformationAfter deformation

 

(a) Rigid transform 

 

After deformationAfter deformationAfter deformation

 
 

(b) Non-rigid deformable transform with smooth, regularization condition  

 

After deformationAfter deformationAfter deformation

 
 

(c) Abrupt change of vectors without smooth, regularization condition 
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smoothness constraints maintaining stability. This contradiction between stability and representing 
sharp changes in the deformation field makes registration in the presence of topological differences 
challenging. 

 

                      Figure 1.3  Example of regularization in demons algorithm 

 

                      Figure 1.4  Example of non-regularization case 

 
 
 

             
(a) Generation of deformation                 (b) Propagation of deformation 

field by intensity disparities                   field by smoothing condition 

 

                 
        (c) Progress of deformation                  (d) Completing step of deformation 

            
     (a) Generation of deformation              (b) Some parts are torn out because of 

field by intensity disparities                     no smoothing condition 
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 1.2.2  Colon and colon polyp 
The large intestine, also called the colon, extends from the end of the small intestine to the anus. 
The main role of this long tube-like organ is the water absorption from digested food. The waste 
products of digestion, called “stool”, are processed in the colon and then excreted through the anus. 
The stools are moved by “peristalsis” which is a series of wavelike contractions of the smooth 
muscles in a single direction. The colon is composed of cecum, ascending colon, transverse colon, 
descending colon, sigmoid, rectum and anus [6] (Figure 1.5). 

Polyps are extra growths from the surface of a mucous membrane. These growths range from a 
millimeter to several centimeters. Flat and broad shaped polyps are called “sessile” and peaked 
shaped polyps are classified as “pedunculated” (Figure 1.6).  Although polyps are not necessarily  

 

 

Anus

Stomach 

Descending
Colon 

Small 
Intestine

Sigmoid Colon 

Rectum 

Cecum 

Ascending 
Colon 

Transverse Colon 

Appendix 

Figure 1.5 Structure of the colon 

 
 
 
 
 
 
 
 

Pedunculated 

Polyp 

Figure 1.6 Colon polyp 
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malignant and small colon polyps usually do not present any symptoms, some types of polyps may 
change into cancer. So gastroenterologists remove all polyps from the patient’s body to be safe [7]. 
 

1.2.3  CT colonography 
CT colonography (CTC) or Virtual colonoscopy (VC) is a minimally invasive technique for 
examining the whole colon to detect colorectal polyps and colon cancer. Conventional optical 
colonoscopy uses an endoscope composed of long optical fibers. Optical colonoscopy is invasive 
and has a risk of perforation (one in 500-1,000 cases)[15]. Sometimes it is not appropriate in 
examining blocked areas of the colon or in areas of extreme narrowing. In addition, it is 
uncomfortable from the patients’ point of view [16]. In contrast, CT colonography has many 
advantages, such as being minimally invasive, cost-effective, and largely free of risks and side 
effects like perforation and infection. Most of all, this procedure is patient friendly: more 
comfortable and convenient than the conventional optical colonoscopy [17]. According to a recent 
clinical report [4], CT colonography has the same sensitivity to colorectal lesions 1 cm or larger in 
diameter as optical colonoscopy. Therefore, CT colonography is an advantageous tool for screening 
purposes and surgical planning. 

 The objective of CT colonography is to identify polyps and cancers of the colon. To do this, 
CT colonography consists of several steps. First, the patient’s colon is cleansed and insufflated with 
CO2 gas in a similar way to that of optical colonoscopy. In order to obtain a high contrast interface 
at the colon wall and prevent collapse of the colon, the bulk of feces should be removed through 
colonic lavage. Gas insufflation makes the colon distended, which provides a high contrast 
gas/tissue interface. Second, the helical CT scans the patient’s abdomen. During 30-45 seconds, 

helical CT generates 512×512×350 voxels sized 3D volume of body, of which data corresponds to 
100~250MB (Figure 1.7). From the CT volume data, colon is segmented and then reconstructed to a 
graphical 3D volume of the colon (Figure 1.8). Finally, the physician examines the virtual colon to 
detect possible polyps [18, 19]. Figure 1.9 and Figure 1.10 show the interior of a colon as 
reconstructed by 3D rendering after segmentation. These kind of interior images offered by CT 
colonography allow physicians to examine the colon interactively with endoscopic views [20]. In 
spite of endoscopic views from CT colonography, the complete navigation through the entire colon 
is not easy for inexperienced physicians because of the possibility of losing track of the position and 
orientation of the colon. Therefore, the colon centerline is usually used for guiding an automatic or 
interactive navigation along the colonic lumen. This colon centerline helps to reduce the difficulty 
and time needed for navigating through the colon [21]. 
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Figure 1.7 Reformatting orthogonal slices for         Figure 1.8 Segmented and surface-rendered colon 

 3D volume from helical CT scans 

 

 

Haustral 

folds

 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 1.9 Endoscopic view:  

Interior of colon with haustral folds 
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           (a) 2D colon from CT scan    (b) A polyp in the reconstructed surface 

        

Figure 1.10 Endoscopic view:  

A 5 mm polyp within the sigmoid colon 

 
Despite the multiple advantages of CT colonography mentioned above, there are several challenges 
to its practical use in clinical situations. One of the most challenging problems is the accurate 
identification of the polyps. Residual feces, the ileocecal valve and thick haustral folds look similar 
to polyps. In addition, the complexity of the normal colon, its deformation by peristalsis and the 
diverse shapes of polyps also make it difficult to distinguish exact polyps from the non-threatening 
entities in the colon [22]. In the case of remaining stool, it is fluid so that it moves along the colon 
depending on the patient’s posture when he or she is scanned by helical CT. Thus, a comparison of 
the prone and supine examination results is required. Data gathered in the past several years from 
many patients show that the additional prone scanning with the original supine scanning increases 
the possibility of detecting polyps [23]. Here is where the registration problem between the supine 
and the prone images occurs: Registration allows integration of data from prone and supine scans - 
as opposed to using the data to make individual diagnosis and then integrating the diagnostic results. 
This is a non-rigid registration process because there are many factors leading to severe deformation 
of the colon shape between the supine scanning and the prone scanning. The first factor is stool 
remaining in the colon. This generates the flat air-fluid level depending on the posture of the patient 
(Figure 1.11). However, the problem caused by the remaining stool can be alleviated by dietary 
fecal tagging using magnesium citrate and a barium suspension before CT colonography [11]. 
Another factor for extreme deformation of colon shape is an inadequate colonic distention. The 
insufflated gas, such as CO2, for distention is filling the lumen, which provides high contrast 
gas/tissue interfaces, so the insufficient colonic distention may result in severe topological 
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deformations of the colon such as collapsed segments of the colon in the reconstructed image 
(Figure 1.12) while overdistention of the colon can make the thin haustral folds invisible, which 
also obstruct the registration. As the last factors, the normal colonic movement owing to peristalsis, 
and the shape changes of the colon caused by a patient’s weight when the patient is prone are other 
main reasons of severe deformation. Although CT colonography has many challenging problems, 
many studies to overcome those problems and to improve the strong advantages mentioned above 
are currently in progress. 

 
 
 
 
 
 
 
 

Figure 1.8 Residual fluid in the colon (Left) and the flat rendered surface due to the residual fluid (Right) 

 
 
 
 
 

 

Residual 

fluid 

Figure 1.11 Residual fluid in colon (left) and flat rendered surface due to the residual fluid (right) 

 

Figure 1.12 Examples of collapsed colon due to inadequate colonic distension and residual stool 
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1.2.4  Centerline extraction 
The concept of centerline, which is also called “medial axis”, “medial path”, or “curve skeleton”, 
was first proposed by Blum [24]. He defined the centerline as “the locus of centers of maximal 
disks (in two dimensions) or balls (in three dimensions) contained in the shape” [24]. The general 
centerlines with many branches may have complicated shapes in normal 3D objects while there is 
only one centerline after pruning branches in a simple tubular object such as the colon. Because 
skeletonization, which is the extracte process of the centerline from an object, maintains the generic 
topology of the object with minimum information on the volume for the original object, the shape 
representation through the centerline of the object is very useful in many applications such as 3D 
path planning, character animation, object recognition, shape matching, shape retrieval, and 3D gait 
analysis [25]. In case of CT colonography mentioned in the earlier section, the centerline for the 
colon plays important roles including a brief colon shape representation, a polyp location 
registration, and a path-guiding for virtual camera navigation along the colon lumen. A reliable 
centerline extraction under a reasonable time limit is still challenging due to the three dimensional 
complexity of the internal organs, so that many methods have been suggested. These methods can 
be classified into three categories, depending on their main algorithms: Using topological thinning 
algorithm, using level set algorithm, and using distance transformation.  

 
Using topological thinning algorithm: This 3D topological thinning algorithm is generally known as 
the most accurate method for obtaining the skeleton from a 3D object while it requires exhaustive 
computational power [26]. Thus, most of the centerline extraction algorithms have been suggested 
as efficient alternatives to the 3D topological thinning algorithm. This algorithm iteratively removes 
the layers of a 3D object like peeling an onion until there is only one central layer left, which can be 
regarded as the skeleton of the object. According to Hong, et al. [27], the generic topological 

thinning took several hours to extract the centerline from 512×512×512 sized CTC data. Thus, 
optimizing efforts for this method were suggested by Bouix [28] and Ge [29]. In Bouix’s paper [28], 
the thinning process of the object is guided by the medial surface. The feature of the medial surface 
has the negative average outward flux computed over a very small neighborhood. Thus, the 
accuracy of the centerline highly depends on the accurate calculation of the object’s medial surface. 
Besides, this method requires a user-defined threshold value to guarantee the connection of the 
centerline [25]. Ge [29] made the topological thinning algorithm faster from downsampling colon 
volumes and removing cavities within the colon region before thinning. From these strategies, he 
could obtain the topologically thinned centerline of the colon in less than 10 minutes. However, the 

  



  14

object topology may be affected by the removal of cavities, and the accuracy of the centerline from 
the downsampled volume may not be as good as from the original volume [14]. 
 
Using level set algorithm: Hassouna et al. [30] proposed a level-set based centerline extraction 
algorithm. They set a new speed function from which the centerline intersects the propagating front 
of medial voxels. They distinguished the medial voxels from others by making the medial voxels 
the peaks of the front having the maximum positive curvatures.  Their method has advantages of 
manual interaction not being necessary for the selection of a seed point of the centerline and it can 
handle complex structures. Deschamps et al. [31] used a front propagation equation for the three 
dimensional minimal path problem between the two end points as the extraction of the centerline. 
Through a steepest gradient descent, the minimal path between the two points can be found by 
descending along the gradient which is orthogonal to the propagating fronts. Their method is fast 
and generates the centerline well but is limited to one branch at a time. 

 
Using distance transformation: The centerline extraction using the distance transformation is 
generally considered to be very fast [17]. This method has two major steps for extracting the 
centerline. First, the distances between the user-specified source point and each voxel inside the 
three dimensional object are calculated and stored for the next step. In a second step, the shortest 
path from a certain starting point to the source point is selected by sliding back the gradient of the 
result of distance transformation. One of the main differences of these distance transformations 
[13,14,32,33,34] that use the distance transformation for extracting the centerline is the different 
discretization method of three dimensional volumetric distances. In other words, the main 
difference is how they deal with neighbor voxels: Six neighbors shared a side with the center voxel, 
12 neighbors shared an edge with the center voxel and eight neighbors shared a corner with the 
center voxel. These three types of neighbors have different distances (d1, d2 and d3, respectively) 
from the center voxel. Ge et al. [34] used the 3-4-5 Chamfer metric, Chen et al. [14] used the 10-14-
17 metric and Zhou et al. [13] used the 1-2-3 metric in order to approximate the most accurate 

321 −−  Euclidean distance metric as d1-d2-d3 values in three dimensions. One of the 
disadvantages of the centerline extraction using the distance transformation is that this algorithm 
has a tendency to hug the corners of winding objects, which results in the centerline being located 
on the “non” centered position of the object as shown in Figure 1.13 [33]. For enhanced centricity 
of the centerline, Chen [14] and Bitter [33] used an additional distance between each voxel inside 
the object and the nearest object boundary. This distance is usually called “DFB-distance”, which 
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means the distance from boundary. Thus, Bitter [33] combined this DFB-distance with DFS-
distance (distance from source point) heuristically. According to his paper [33], this method took 

about 5 minutes to extract the centerline for 512×512×512 sized colon data. 
 

When we evaluate the centerline extraction algorithms, there are several factors to consider [25]. 
First is whether this algorithm works fully automatically or not, namely, if this algorithm requires 
manual interaction to specify the starting point or end point of the centerline. Second is whether this 
algorithm is sensitive to object boundary complexity or not [13]. Internal organs usually have 
complicated boundaries like the haustral folds in the colon, so the centerline extraction algorithm 
should be robust even in the case of the complex object surface. Third, the algorithm should not be 
computationally expensive. Finally, the extracted centerline should maintain the same topology as 
that of the original three dimensional volume. In turn, the centerline should be able to represent the 
shape of the original object, and the accuracy of the representative features of the centerline should 
not be compromised by computational benefits or other factors. 

       
Figure 1.13 Example of “hugging” the corners in the shortest path algorithm 

 
For implementation of colon volume registration, the centerline extraction method of Ming et al. 
[17] was adopted in this dissertation because this method is fast and accurate. Their method is based 
on the distance transform and makes use of the modified Dijkstra’s shortest path technique to 
choose the centerline. Although this centerline extraction method was originally designed for 
guiding a fly-through path for virtual camera navigation along the colon lumen, this method is also 
expected to be efficient for registration-purposed centerline extraction. Here, I will introduce Ming 
et al.’s centerline extraction method, and then comment on my implementation of their method. 

Ming et al. used the exact Euclidian distance as the DFB (distance from boundary) distance 
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and defined the centerline as “the minimum-cost path spanning over the inversed-DFB-distance 
field inside the colon [17]”. So original volumetric colon data were converted into three 
dimensional inverse-DFB-distance field. Figure 1.15 shows the process of converting to the 
inverse-DFB-distance field step by step. From this three dimensional inverse-DFB-distance field, 
they used modified Dijkstra technique to find the centerline as follows. 

 
 
 
 
 

     S            A 
 
 

B1

B2

B26

 
 
 
 
 
 
 
 
 
 

Figure 1.14 Accumulated distance calculation from source via point A 

 

Distance from source point, S, to B1 (DFS(B1)) is accumulated from DFS(A) + DISEUC(A, B1), 
where DISEUC(A, B1) is the Euclidian distance between A and B1 (Figure 1.14). All of the Euclidian 
distances (DISEUC(A, BN)) between A and the unmarked 26 neighbor voxels (B1, BB2,….,B26B ) around A 
are calculated, and then their accumulated DFS(B1), DFS(B2),….. , DFS(B26) are inserted into a 
sorted heap with their DFB values. This calculation is repeated with the top of the heap as a marked 
current point until the heap is empty. Here, a heap-sorting algorithm is used to search for the point 
having the minimum inverse-DFB distance within the heap. Ming et al.’s modified Dijkstra 
algorithm uses a form of the “Greedy Search” algorithm. Unlike the original “Greedy Search” 
algorithm, this method searches all possible voxels as well as the minimum-cost voxel until the 
heap is empty. Therefore, this modified Dijkstra algorithm does not fall into the local minimum 
problem. When I implemented Ming et al.’s method, some parts of their method were slightly 
modified for efficiency. As one can see in Figure 1.16 and Figure 1.17, the integer 3-4-5 distance 
metric using the three dimensional chamfering mask was adopted instead of the exact Euclidian 
distance. Consequently, the maximum DFB distance was searched in the heap-sorting algorithm 
instead of the minimum DFB distance in the original paper. From these modifications, the floating 
point operations in Ming et al.’s method were changed into simple integer additions. Figure 1.18 
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shows the colon centerlines obtained by this method. The centerlines shown in Figure 1.15 are 
dilated to the width of three voxels for display purposes; normally they are only one voxel wide. 
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(a) Three dimensional binary volume             

 

 

 

 

 

 

 

(b) DFB with the exact Euclidian distance 

 Figure 1.15 The process of the inversed-DFB distance field 
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 (c) Inversed-DFB distance field 

 Figure 1.15 The process of the inversed-DFB distance field 

 

 

 

 

 

 

 

 

 

         Figure 1.16 The integer 3-4-5 distance metric as DFBs: 

Three dimensional binary volume 
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Figure 1.17 The integer 3-4-5 distance metric as DFBs: 

DFB through the three dimensional 3-4-5 chamfering 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.18 The colon centerlines obtained by modified Ming et al.’s method 
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(a) Centerline in a small piece of colon               (b) Centerline in a long colon 
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(a) Supine colon and its centerline                 (b) Prone colon and its centerline 
 

Figure 1.19 Centerline pair of supine and prone colons from a patient. 

 
 
1.2.5  Distance transformation 

The distance transformation generates the distance between one point and an object which is a set of 
pixels. In order to get the distance from one point to the object, looking up a distance map is much 
simpler and faster than calculating every distance between one point and all the pixels within the 
object. This distance map can be obtained by distance transformation from the binary image 
representing the object. Although the Euclidean distance transformation is exact, the computational 
burden is relatively high. Therefore, several fast algorithms have been developed to approximate it. 
Some of these fast algorithms make use of only integer values to calculate the distances, which 
makes these algorithms more efficient to use in image processing applications [8]. Before 
considering the several different distance transformations, a “distance metric” should be defined. A 
distance function d(p1, p2) is called a metric if it obeys the following three properties [9]: 
 

1. d(p1, p2) ≥ 0 and d(p1, p2) = 0 if and only if p1= p2 : It is always positive or zero. 
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2. d(p1, p2) = d(p2, p1) : It is symmetric. 

3. d(p1, p2) + d(p2, p3) ≥ d(p1, p3) : It obeys the triangle inequality. 
 

A standard distance metric is Euclidean distance: 

( ) ( ) ( )221
2

2121, yyxxe ppppppd −+−=          (1) 

 
Rosenfeld and Pfaltz[3] have shown d4 and d8 for the basic city block and chessboard distance. 
 

( ) yyxx ppppppd 2121214 , −+−=  

( ) { }yyxx ppppppd 2121218 ,max, −−=            (2) 

 
The d4 assumes that in going from one point to another one travels directly along pixel grid lines, 
and diagonal moves are not allowed, while d8 assumes that a diagonal move counts the same as a 
horizontal move. 
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Figure 1.20 Comparison of three distance metrics  

 

As one can see in Figure 1.20, it is possible to deduce the value of the map in one pixel from the 
values near it because the distances are not varied abruptly in the distance map. Based on this 
feature, Borgefors [12] utilized scanning masks to calculate distance transformations efficiently. 
This method, so called “chamfering” [12], approximates the global distance computation with 
repeated propagation of local distances within a small neighborhood mask. 
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                  Forward                 Backward 

d2 d1 d2   0 d1

d1 0   d2 d1 d2

 
         

      Figure 1.21 Masks for the two-dimensional chamfering  

 

In case of the d4 metric, d1 = 1 and d2 = ∞, and the d8 metric has d1 = d2 = 1. The chamfering 
requires two scans over the image using the masks of Figure 1.21. In the forward scan, the mask 
starts in the upper left corner of the image, moves from left to right, and from top to bottom. In the 
backward scan, the mask starts in the lower right corner, moves from right to left, and from bottom 
to top. The local distances d1 and d2 in the above mask are added to the pixel values in the distance 
map, and the new value of the zero pixel is the minimum of the five sums [12]. Figure 1.22 shows 
this process step by step with the d4 metric: 
 
 

                           

               1        1    

               1 1 1      1 1 1  

             1 1 2 2     1 1 2 1   

           1 1 2 2 3 3   1 1 2 2 2 1   

            1 2 3 4 4    1 2 3 2 1   

             1 2 3 4 1    1 2 3 2 1  

              1 2 3 2 1    1 1 2 2 1

                1 2       1 1  

 

                           

 
 
 

(a) Binary image. Chamfering 

considers gray pixels as infinities 

(b) The result of forward scan 

with d1 = 1 and d2 = ∞ in the 

(c) The result of backward 
scan with d1 = 1 and d2 = ∞ 

Figure 1.22 The chamfering result of the d4 distance transformation  
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In the case of three dimensional volumes, each voxel has 26 neighbors. Six neighbors share a side 
with the center voxel, 12 neighbors share an edge with the center voxel, and eight neighbors share a 
corner with the center voxel. These three types of neighbors have different distances (d1, d2 and d3, 
respectively) from the center voxel. (Figure 1.23) 

321 −−In order to approximate the most accurate  Euclidean distance metric as d1-d2-
d3 values in three dimensions, many metrics including the 1-2-3 metric [13], the 3-4-5 metric [12], 
and the 10-14-17 metric [14] are suggested and examined (the distance errors decrease in this order 
as compared with the Euclidean distance). As a compromise between simplicity and distance error, 
the 3-4-5 metric by Borgefors [12] is widely used as chamfering weights. 

 
 

 

 

 

 

 

Figure 1.23 Masks for the three-dimensional chamfering  
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1.2.6  Topology of colon volume 

While the term “topology” is a branch of pure mathematics, it can be defined as the description of 
how spatial features are interconnected [73] or “the continuity of space and spatial properties, such 
as connectivity, that are unchanged after distortion” [74]. Figure 1.24 shows examples of 
topologically identical objects and objects with different topologies in 2D. 

 

 

 

(a) Topologically same objects 

 

(b) Topologically different objects 

 

  

 

(c) Topologically same objects 

 

 

(d) Topologically different objects 

Figure 1.24 Examples of object that are topologically same or different 

 
Figure 1.25 shows an example of topologically different colons. The collapsed region in Figure 1.25 
indicates an image disconnection on the CT image (that is distinguished by density differences 
between air and tissues), not a physical disconnection of the colon. Thus, this collapsed colon image 
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is a segmentation error caused by inadequate colonic distention or residual stool.  Topologically 
different colon volumes are more frequently observed in CT colonography than single connected 
colon volumes before fecal tagging. 
 

         

 

 

 

     

 

 

 
Figure 1.25 Topologically different colon volumes by colon collapse 

 

1.3 Previous work for colon registration 
Acar et al. [40] proposed registration of the supine and prone colons using the relative colon wall 
position to the colon centerline. The premise for this approach is that stretching, shrinking and 
deformation of a colon caused by changing the position of a patient for supine and prone CT 
colonography can be modeled as piecewise linear mapping functions. Each value of the x, y and z 
coordinates of the points in the path through the centerline of the colon was used as the inputs to the 
registration algorithm. As a convention, the +z axis is from feet to head, the +x axis is from the left 
side of the patient to the right side and the +y axis from posterior to anterior. Authors create 
piecewise linear functions using the assumption that the beginning and the end points of the prone 
and supine CT data correspond to the same anatomical points, and morphological similarities exist 
between the local extrema of the 3D prone and supine CT data along the medial axis colonic path. 
They make use of the beginning and the end of the transverse colon because these two points are 
located in the first and second highest positions in +z direction. This algorithm matches each point 
of the 3D prone and supine CT data recursively for a pre-specified level of recursions or until it 
cannot find any pair of points that satisfy some criteria. However, there may be more factors 
causing change in the colon’s shape that cannot be described by simple linear stretching and 
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shrinking with changes in the patient position, although the authors insist that their mathematical 
functions are enough to describe the changes of the patient position. Their choice of the first and 
second highest positions in the +z direction as the beginning and the end of the transverse colon 
may not be applicable to all colons because of the anatomical exceptions. This method does not 
account for severe deformation of the colon such as colon collapse. Cuzol et al. [45] make use of a 
scalar vorticity of the motion vector field and divergences for source particles in order to model the 
non-rigid deformation of lesions in multiple sclerosis disease in 2D brain images. However, their 
2D non-rigid model does not guarantee performance on the highly deformed cases that have 
topological differences. As the authors already indicate in their paper: “the extension of their 
algorithm to the 3D case is challenging because the vorticity is no longer a scalar but a vector. Then 
a line source or a surface source in the 3D extension should be considered instead of a particle 
source in the 2D version” [45], the 3D extension requires an excessively long execution time based 
on complex derivation of the mathematical formulations. 

  



  27

CHAPTER 2. DEFORMABLE REGISTRATION OF SUPINE AND 

PRONE COLONS FOR CT COLONOGRAPHY 

2.1 Abstract 

CT colonography (CTC) is a minimally invasive screening technique for colorectal polyps and 
colon cancer. Most CTC protocols acquire both prone and supine images to improve the 
visualization of the lumen wall, reduce false positives, and improve sensitivity. Comparisons 
between the prone and supine images can be facilitated by computerized registration between the 
scans. In this paper, an algorithm for registering colons segmented from prone and supine images is 
presented. The algorithm uses feature matching of the colon centerline and a modified version of 
the demons deformable registration algorithm to define a deformation field between the prone and 
supine lumen surface. Experimental registration results, when used to determine polyp 

correspondence between prone and supine images, show an accuracy of 13.77 ± 6.20 mm over 21 
datasets with an average Jaccard similarity coefficient of 0.915 ± 0.07. 

 

2.2 Introduction 
CT colonography (CTC), also called virtual colonoscopy, produces 3D virtual anatomic models of 
the colon and is a minimally invasive procedure to detect colorectal polyps and colon cancer [53, 54, 
55]. CT colonography has reduced risks of perforation and infection, compared to conventional 
optical colonoscopy [41] and is currently in clinical trials [56].  

CTC requires the radiologist to interrogate a massive amount of CT data to detect polyps. As 
several studies have indicated, reference information from a computer aided diagnosis (CAD) 
system can enhance radiologists' diagnostic performance in the detection of polyps [57, 58, 59]. If 
they can concentrate on regions indicated by CAD, interpretation time can be reduced [60]. For this 
reason, computer-aided polyp detection will likely be an important part of cost effective CAD in 
CTC. 
   Although several variations in scanning protocols exist [61], a typical CTC protocol is as 
follows. First, the patient's colon is cleansed and insufflated with CO2 gas in order to obtain a high 
contrast interface at the colon wall and prevent the colon's collapse. Second, the patient's abdomen 
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is scanned using helical CT in both the prone and supine position. 
    The colon is segmented from the CT data and can be rendered to show a graphical 3D 
representation of the colon (see e.g. [18, 19, 21, 62]). Finally, the physician examines the virtual 
colon to detect possible polyps, using the original CT images for resolving ambiguities. 
   The human colon has a complex geometry. Its deformation by peristalsis and the diverse shapes 
of polyps make it difficult to distinguish polyps from other benign features of the colon [22]. The 
presence of residual stool, a byproduct of the colon cleansing process, also increases the difficulty 
in examining the colon lumen for polyp detection.  Residual stool may conceal polyps in the 
anterior or posterior colon when patients are in the prone or supine positions respectively. Various 
studies [23, 58, 63, 67] have shown the combination of prone and supine scanning increases the 

sensitivity of polyp detection from 70% (supine only) to 85% (supine and prone) for large (≥1 cm-

diameter) polyps and from 75% to 88% for smaller (≤ 0.5 cm-diameter) polyps. 
   In order to use the prone and supine images in CAD simultaneously we need to register the two 
lumens. However, there is severe deformation of the colon between the scans. Shape deformations 
can be caused by the normal colonic movement due to peristalsis and by the patient's weight 
shifting between positions.  In addition,  insufficient colonic distention may lead to topological 
change of the colon shape (collapsed segments). 
   Acar et al. [40] and P. Li et al. [46] have developed methods to map candidate polyps between 
the supine and prone colons using their colon wall positions relative to the colon centerlines. The 
premise for this approach was that stretching, shrinking and deformation of the colon caused by 
changing the posture of a patient for supine and prone CT colonography can be modeled by 
piecewise linear mapping functions. The authors construct piecewise linear functions from the 
assumption that the morphological similarities existed between the local extrema of the 3D prone 
and supine CT data along the medial axis colonic path. They determine correspondence of the polyp 
locations between the supine and prone colons without reconstructing the colon volume because 
there might be more factors in describing three dimensional change of the colon's shape besides 
simple linear stretching and shrinking. This estimation of polyp location on the 1-dimensional 
centerline is not sufficient to incorporate image data including shape and intensity from both scans 
into CAD directly. Doing so requires a fully deformable registration matching the two lumen 
surfaces.  
   In this paper, we present a two-step algorithm to register the segmented prone and supine 
lumens. First, a feature-based registration is used to align the lumens approximately about their 
centerlines, defining an initial non-linear deformation field [64]. This step is similar to [40] and [46].  
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Second, this initial estimate of the deformation field is refined using a volume-based deformable 
registration technique [51]. We describe a validation study that shows that the combined algorithm 

can register topologically consistent lumens with Jaccard similarity coefficients of 0.915 ± 0.07 
over 21 datasets. The C++ code and example data to reproduce the results are available online at 
http://www.bsl.ece.vt.edu/ReproducibleResearch/ColonRegistration07/index.html.

 

2.3 Methods 
Figure 2.1 shows the block diagram of the proposed method. First, two centerlines are generated 
from the segmented source and target volume. Then, either the source or target data is rigidly 
transformed in order to increase the amount they overlap. In this paper, we rigidly transform the 
supine colon and its centerline arbitrarily before piecewise centerline matching. Piecewise 
centerline matching is then carried out using the two centerlines.  Based on the difference vectors 
of the piecewise matched centerline, the difference vectors for other regions are calculated by 
interpolation and extrapolation. Using the difference vectors for the whole volume, the source data 
is deformed. This deformed source data and the original target data are used as inputs to the 
extended demons registration method which matches surfaces precisely. 

 

2.3.1  Feature-based registration by centerline analysis 

1) Centerline Generation: In order to extract the centerlines from a colon, the centerline extraction 
method of Ming et al. [17] was used. They employed several terms: DFB (distance from 
boundary), DFS(B) (distance from source point S to B) and DISE(A, B) (Euclidean distance 
between A and B). Thus, DFS(B1) is accumulated from DFS(A) + DISE(A, B1) (Figure 2.2). All 

of the Euclidian distances (DISE(A, BN), 1 ≤ N ≤ 26) between A and the unmarked 26 neighbor 
voxels (BB1, B2,….,B26) around A are calculated, and then their accumulated DFS(B1), DFS(B2B ),….. , 
DFS(B26) are inserted into a sorted heap with their DFB values. This calculation is repeated 
with the top of the heap as a marked current point until the heap is empty. Here, a heap-sorting 
algorithm is used to search for the point having the minimum inverse-DFB distance within the 
heap. Ming et al.’s modified Dijkstra algorithm uses a form of the Greedy Search algorithm. 
Unlike the original Greedy Search algorithm, this method searches all possible voxels as well as 
the minimum-cost voxel until the heap is empty. Therefore, this modified Dijkstra algorithm 
does not fall into the local minimum problem.  
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Figure 2.1 Block diagram for the proposed method 
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Figure 2.2 Accumulated distance calculation from source point S via point A 

 

2) Rigid Transform: This step includes all the rigid transform processes that maximize the overlap 
ratio (Equation 2 in section 2.3.2.1): First, either the supine or prone colon data must be flipped 
because the voxel order CT-scanned at the patient's prone posture does not conform to the voxel 
order CT-scanned at the patient's supine posture. Second, a translation is applied to bring the 
anus terminal of the centerline into correspondence.  The anus is a unique point in relation to 
the colon that is less influenced by the change in a patient's posture. In the current 
implementation, the patient's anus point is identified manually by the user.  Finally, a rotation 
about the aligned anus is applied. The axis of rotation and angle is chosen of follows (Figure 
2.3).  Using the two highest points in z in each supine and prone centerlines, the required 
rotation angle based on the anus point can be calculated (Figure 2.3 (b)). We simply locate the 
mid-points of the two highest centerline points in z of the supine and prone colons, respectively. 
Since the anus points of the supine and prone colon volumes were already aligned in the 
previous step, the angle required for better overlap of the two volumes was calculated using the 
three points: the mid-point of the two highest centerline points in supine volume, another mid-
point in prone volume and anus point (Figure 2 (b)). Figure 2 (a) shows the two colons before 
rotation and Figure 2 (c) shows them after rotation.  While the overlap ratios (OR) before these 
alignments (the initial alignment and the rotation) are generally less than 18%, the overlap 
ratios after these alignments are more than 40%.  As we will see in Section 2.3.2.1, the extent 
of overlap between the source and the target is one of the critical factors which affect the final 
image registration results. Therefore, this rigid transform plays an important role in the 
registration accuracy by increasing the overlap ratio between the source and target colons. 
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Figure 2.3 Colon rotation for increasing overlap ratio. (a) Before rotation, (b) Calculation of rotation angle 

using the two highest centerline points of each prone and supine colon, (c) After rotation depending on the 

calculated angle in (b). 

 
 
3) Piecewise Centerline Matching: When the patient's posture is changed for the supine and prone 

scans, the patient's colon may be deformed and displaced. However, there are still anatomically 
similar regions in the shape of the colon such as the hepatic flexure, splenic flexure, and 
sigmoid. These features can be more clearly exposed by the colon centerline. Instead of dealing 
with each point on the centerline, moving averages of several points on the centerline were used 
to reduce the trivial effect caused by the point-to-point variation. In Figure 2.4, the horizontal 
axis represents the moving-averaged centerline voxel indexes from cecum to anus. According to 
Acar et al. [40], the z axis is the most important feature of the centerline. In our case, we used 
both z and y axes information for the matching of similar centerline pieces. When extrema in z 
and y axes are found, correlations for the corresponding regions in y and z axes are calculated. 
For example, if we find a local maximum region in z axis, then we calculate correlation for that 
region in y axis, and vice versa. When the correlation coefficients for those regions are high, 
those regions are selected as features on the centerline. In Figure 2.4 (c), the solid vertical bar 

   
            (a)                             (b)                           (c) 
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and the dotted vertical bar display one of the maximum points in z axis. In Figure 2.4 (b), the 
solid vertical bar and the dotted bar in y axis display the corresponding point for calculating the 
correlation. Figure 2.5 shows the centerlines of the supine and prone colons and their piecewise 
matching results. From these matched points, difference vectors on the featured centerline 
pieces are computed by simple differences between the two positions. 

 
4) Deformation Field Propagation: We adopted the idea from Shen et al. [52] of propagating the 

existing vectors to the neighborhood. Since they used a Gaussian kernel as a propagating 
method in a different application for different purposes, we used simple linear interpolation and 
extrapolation. Propagating the difference vectors on the matched centerline pieces is composed 
of two processes. The first process is the interpolation of difference vectors for the non-matched 
centerline regions from the matched centerline pieces, and the second is the extrapolation of 
difference vectors for the whole volume region from the centerline. 

 
a) Interpolation of difference vectors for the non-matched centerline regions: Difference vectors for 
the non-matched centerline voxels are generated from the difference vectors of the matched 
centerline pieces. In order to avoid discontinuities at the boundary of centerline points, we used a 
linear interpolation of the two different difference vectors. Let 1x  be the position of an end point 
in the matched centerline piece and 2x  the position of a starting point in the next matched 
centerline piece.  and  are their difference vectors. Let kx)( 1xV )( 2xV be a centerline point 
between  and . If is a m-th centerline point from the 2x1x 1xkx  and a n-th centerline point from 
the  simultaneously, then the difference vector for  is interpolated as below. 2x kx

 

nm
xmVxnV

xV k +
+

=
)()(

)( 21                (1) 

 

b) Extrapolation of difference vectors for the whole volume: Since all the centerline voxels have 
their own difference vectors after completing the interpolation of difference vectors for the non-
matched centerline voxels, volume voxels can make use of the difference vector of the nearest 
centerline voxel. In order to avoid abrupt change of difference vectors of neighboring volume 
voxels and make the deformation field smooth, the weighted sum of difference vectors from the 
nearest centerline voxel to the arbitrary 4th nearest centerline voxels (total 9 points) were computed. 
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Figure 2.4 Moving-averaged colon centerline in x, y and z direction. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.5 Centerlines of the supine and prone colons and their piecewise matching results. 
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2.3.2  Extended demons registration 

As an input to the extended demons registration, we use the source volume previously deformed by 
the propagated deformation field. For efficiency, the multi-resolution pyramid procedure was 
adopted in the extended demons algorithm. Four layers were utilized from the coarsest to the finest 
layer to search the deformation field in this large 3D data set. 

 
1) Demons algorithm:  Thirion [47] suggested an image-matching algorithm using a diffusion 
process. Using the demons concept from Maxwell's demons algorithm in thermodynamics, Thirion 
considered the non-rigid image matching process as a diffusion process. The theory behind this 
algorithm is that the object boundary can change its shape depending on the position of the demons 
within the image domain. The demons' forces, which deform the object shape, are generated to 
reduce the disparity between the source and the target images. As Thirion indicated in his paper, this 
algorithm cannot be applied when the two objects do not initially overlap. If the extent of overlap 
between the source and the target is small, the result of this demons' algorithm does not converge. 
Therefore, we define the overlap ratio to describe the extent of overlap between the two images as 
follows.  

100)( ×
∩

=
objectsmallerofArea

TS
ORRatioOverlap             (2) 

 
Where S is the source and T is the target object. As a similarity measure for shape, we use Jaccard 
similarity coefficient as below. 

 

TS
TS

Jaccard
∪

∩
=                           (3) 

Where | S | refers the number of members in the set S as a cardinality. 

 

2) Generation of the level set: For stronger converging performance, we generate the level-set 
representation [51] of the object boundary using a distance map. There were many attempts to 
represent a shape using the level-set representation for registration [68,69,70]. We adopt the level-
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set representation of the shape for use in Thirion's demons algorithm [47]. Distances inside the 
object boundary are denoted by negative values, and the distances outside the boundary are denoted 
by positive values. As figure 2.6 illustrates, this level-set representation allows the demons 
algorithm to determine the initial demons' force even though the two objects are very separated. 
Since the segmented colon volume is described only with binary values (the outside is 0 and the 
inside is 1), the intensity difference between the two objects cannot be accounted for. Thus, the 
level-set representation of these objects allows the corresponding image region to be maintained as 
the difference of intensities found in the original demons algorithm implemented in Thirion's paper 
[47]. 

 

 
                                  (a) 
 

 

 
                                  (b)

Figure 2.6 The influence of level sets of very separated objects on Demons' force. (a) Demons' force cannot 

be decided because of the non-overlapped separation between source and target. (b) Initial direction of 

Demons' force can be decided by the expanded surfaces of the source and target. 
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     (e) Reconstructed image                (f) Deformation field 

 

            

(c) Level set for source image            (d) Level set for target image 
           

           
        (a) Source image                      (b) Target image 

 

Figure 2.7 2D example for demons’ registration with level set representation. 

 

3) Implementation details: The multi-resolution pyramid procedure was adopted for efficiency. 
Four layers were utilized from the coarsest to the finest layer to search the deformation field for the 
large 3D data set. Iteration numbers for each layer were set to 500, 700, 800 and 50 from the finest 
layer to the coarsest layer respectively. For the implementation of our method, the National Library 
of Medicine Insight Segmentation and Registration Toolkit [48] (ITK) was used. This open-source 
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software system was used to support the image segmentation and registration in 2D and 3D data. 
The Visualization Toolkit [49] (VTK) format was used to store the image data, and ParaView [50] 
was used to analyze and view the image data. Figure 7 shows the image data after each step in the 
2D registration process between the two synthetic images using the extended demons algorithm. 
Since it is difficult to show the 3D level-set images for the source and the target, the 2D level-set 
images for synthetic source and target images are shown in Figure 2.7 (c) and (d) for illustration. 

 

2.3 Results 
Figure 2.8 shows an example of the simple extended demons registration method.  Sometimes the 
extended demons registration method alone can provide acceptable registration results without 
feature-based registration (Figure 2.8-c). However, the extended demons registration method has a 
limitation in that it does not take advantage of any feature information based on the similarity 
between the two colon volumes. Thus, the registration results may not be satisfactory when one or 
both of the supine and prone colon volumes have complicated, twisted regions. Figure 2.9 illustrates 
a case where the extended demons registration method alone generates incorrect correspondence 
using a hypothetical example. These errors are caused by the extended demons registration method 
only using distances from the colon wall as a matching criterion. 
 

 

 

Figure 2.8 3D example for demons' registration with level set representation. (a) Source supine colon, (b) 

Target prone colon, (c) Registered colon reconstructed from source supine colon (a), (d) Deformation field 

generated by the extended demons algorithm alone.  

 

           (a)                    (b)                      (c)                     (d) 
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(a)                                (b) 

 
Figure 2.9 Complicated registration by the demons algorithm (a) Expected correct motion vectors, (b) 

Incorrect motion vectors by the extended demons algorithm 

 
Therefore, a pre-registration step that matches similar regions in source and target volume is 
required for the extended demons registration method to produce acceptable results in cases of 
severe deformation between scans. The feature-based registration by centerline analysis plays the 
role of a pre-registration step for matching similar regions between source and target volumes. 
   Figure 2.10 shows the results of the simple extended demons registration method and the 
proposed method which adds the feature matching information to the extended demons registration 
method. This experiment was performed on an AMD dual core 1.8GHz processor with 4GB 
memory for the subsampled CT data (256x256x170). As one can see in Figure 2.10 (d), the 
reconstructed volume from the simple extended demons method has a crushed region because the 
corresponding region in the target volume has a complicated shape. However, the corresponding 
region within the result from the proposed method was accurately reconstructed (Figure 2.10 (e)). It 
took 17 minutes for both the piecewise centerline matching block and the interpolation & 
extrapolation of deformation field block in Figure 2.1. Another two and half hours were needed for 
the extended demons registration block using multi-resolution pyramid procedure (50, 50, 50 and 
30 iterations from the coarsest layer to the finest layer, respectively).  

We picked five arbitrary points (black dots in Figure 2.10 (a)) from the various regions of the 
source colon for illustration purposes. After application of the deformation field to these source 
points, the corresponding five points (black dots in Figure 2.10 (e)) are located near the original 
points in the source. Through tracking these points, we can ensure the registered volume is not 
arbitrarily reconstructed so that the result makes sense anatomically. Figure 2.11 shows how the 
Jaccard similarity varies after each step.  
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Figure 2.10 Comparison between the result of the simple extended demons method and the extended demons 

method with piece-wise feature matching. (a) Source colon, (b) Target colon, (c) Intermediate colon by the 

feature-based registration (d) Result of the simple extended demons method without feature-based registration 

and (e) Result of the extended demons method with feature-based registration. The black dots in a) and d) are 

an arbitrary set of corresponding points. 

 
 

 
 

Figure 2.11 Example of how the Jaccard similarity coefficient varies at each step (data same as in Figure 2.10). 

. 

    
            (a)                         (b)                          (c)    

 

 

(d) (e) 
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Figure 2.12. Another patient's colons (with one polyp) and their registration results, (a) Source prone colon, 

(b) Target supine colon, (c) Registered colon from source, and (d) Comparison of polyp location between the 

real polyp location (red) at supine colon and the calculated polyp location (blue) from the prone polyp 

location by the proposed registration method. 

        (a)                    (b)                    (c)                   (d) 

   

 

 

(a)                    (b)                    (c)                    (d) 
 

Figure 2.13 Another patient's colons (with multiple polyps) and their registration results, (a) Source prone 

colon, (b) Target supine colon, (c) Registered colon from source, and (d) Comparison of polyp location 

between the real polyp location (red) at supine colon and the calculated polyp location (blue) from the prone 

polyp location by the proposed registration method. 
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Using the proposed method, we’ve obtained a Jaccard similarity coefficient as higher 0.949 (For 
reference, the Jaccard similarity coefficient of the reconstructed result from the simple extended 
demons method without the feature matching information was 0.868.). We have 21 experimental 
data sets from 21 different patients' colons. The final Jaccard similarity coefficients for those 21 are 

0.915 ± 0.07. As far as we know, there is no previous work that non-rigidly registers and 
reconstructs the 3D colon volume. Therefore, no experimental comparison to other methods could 
be made. We also tested the change of polyp locations between patients' supine and prone data.  
We used 21 data sets in which polyps were diagnosed by a board certified radiologist.  

 

Table 1. Comparison between the estimated polyps by only rigid transform and by the proposed method (unit: 
mm) 

Estimated polyp location for 
supine colon by only rigid 

transform from the polyp of 
prone colon 

Polyp location in supine 
colon (polyp position in 

colon) 

Estimated polyp location for supine 
colon by registration from the polyp of 

prone colon 
 Dist. Dist.

Figure (74.0, -132.0, -279.0) 
(137.6, -92.95, -315.84) 83.23 (72.35, -136.45, -289.84) 11.83

2.12 (Sigmoid colon) 

Figure (-49.32, -112.72, -269.83) 
(-113.09, -109.21, -244.83) 68.59 (-36.91, -130.74, -274.83) 22.44

2.13 (Transverse colon) 

(-107.45, -80.6, -270.83) 
 (-114.75, -51.24, -274.83) 30.52 (-109.78, -83.99, -287.83) 17.49

(Cecum) 

(-84.76, -92.83 -331.83) 
 (-118.06, -51.23, -306.83) 58.86 (-104.13, -70.14, -326.83) 30.24

(Cecum) 

 

 

Table 2. Result comparison of CT data with different settings 
WFUBMC WRAMC 

 Total (21 datasets) 
6 datasets (5 mm collimation) 15 datasets (2.5 mm collimation) 

Jaccard Similarity Coefficient 0.886 ± 0.11 0.927 ± 0.04 0.915 ± 0.07 

Polyp location error by only 

rigid transform (mm) 
44.91 ± 24.81 26.86 ± 14.98 32.02 ± 19.51 

Polyp location error by 

proposed method (mm) 
13.81 ± 5.95 13.75 ± 6.50 13.77 ± 6.20 
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From among those 21 tests, Figure 2.12 and Figure 2.13 show two examples of the patients' 
colons; their volume registration result, and their polyp location change due to the proposed 
registration method. In Figure 2.13, we show an example where there are three polyps with polyp 
registration errors of 17.49 mm, 22.44 mm and 30.24 mm for each polyp respectively. The results 
are summarized in Table 1 for the two examples.  

The rigid transform in Table 1 included the three processes (1. Flipping, 2. Initial alignment 
based on patient's anus, 3. Rotation) as explained in Section 2.3.1.2. As one can see in Table 1, all 
polyp locations estimated from the prone polyp location by our registration method are much closer 
to the supine polyps (as indicated by radiologists) than those using the simple rigid transform. All 
polyp locations estimated by the proposed method are accurate so that the differences between the 

radiologist-indicated locations and the registration-estimated locations are 13.77 ± 6.20mm over 
21 datasets while the differences between the radiologist-indicated locations and the only rigid 

transformed locations (without feature matching) are 32.02 ± 19.51mm. Among the 21 colon 
datasets, 15 datasets are from the Virtual Colonoscopy Resource Center [71], which were acquired 
with a 2.5 mm collimation at 100 mAs and 120 kVp [72]. The other 6 datasets are from the Wake 
Forest University School of Medicine and were acquired with a 5 mm collimation at 120 kVp and 
180 mAs for the supine position, and at 120 kVp and 80 mAs for the prone position. Table 2 
presents the registration accuracy results by acquisition protocol and in total. 
   In order to statistically verify that the results of the proposed method on polyp location 
estimation are significantly different from the results of a simple rigid transform, a statistical test 
was performed. Generally, a p-value from a Kolmogorov-Smirnov test (non-parametric test) close 
to zero indicates that the null hypothesis is false, which means that a difference between the two 
collected data is very likely to exist. The calculated p-value for our experiment is 0.001. Because a 
p-value of 0.01 is a typical threshold to evaluate the null hypothesis in medical applications, it is 
statistically confirmed that the results of our proposed method are improved over those of the rigid 
transform only. 

 

2.4 Discussion 
In the results of the polyp location estimation, the accuracy was improved by 57.0 % because the 
averaged DRE (Distance between the radiologist-indicated location and the registration -  
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                     (a)                                                 (b) 

   
             (c)                              (d)                            (e) 

Figure 2.14 Position in a supine colon corresponding to a suspicious polyp in a prone colon and an estimated 

polyp position by the proposed method. (a) The two positions viewed inside the colon, (b) The two positions 

viewed outside the colon (Blue: the estimated position by the proposed method, Red: false positive polyp 

position), (c) Sagittal scan, (d) Coronal scan and (e) Axial scan.  
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Estimated location) was 13.77 mm while the averaged DRR (Distance between the radiologist-
indicated location and the Rigid transformed location) was 32.02 mm. The precision was also 
improved by 68.2% (the variance of the DRE was 6.20 mm while the variance of the DRR was 
19.51 mm).  As discussed in the introduction, a direct comparison for polyp location estimation 
between our averaged DRE (13.77 mm) and Acar et al. [40] and P. Li et al. [46] 's error (12.66 mm) 
is not appropriate. Since P. Li et al. did not deal with 3D volume registration, they only registered 
the colonic central paths, their distance error is calculated on the centerline between the projected 
polyps on the colonic centerline for both radiologist-indicated polyps and their estimated polyps. 
Therefore, their errors would likely increase when measured by the DRE criteria. To see the impact 
of the registration we can construct the following scenario. Suppose that a radiologist locates a 
polyp in either the supine or the prone data. If the radiologist also finds the polyp at the 
corresponding area in the other (supine or prone) image, they can improve their confidence that the 
location is a true positive. By reducing the region of interest to that centered on the corresponding 
polyp, the proposed registration can increase their confidence in the polyp's classification. For 
example in Figure 2.14, radiologists found a polyp-like shape at (-87.83, 18.73, -307.53) in a 
patient's prone colon. The coordinate estimated by our method in the patient's supine colon for that 
point was (100.94, -16.33, -297.00). The radiologists could search for the polyp-like shape around 
the estimated point with about 30 mm radius. The real corresponding polyp-like shape was at (88.26, 
-9.18, -284.00) (Figure 2.14 (a) and (b)) and the difference was 19.51 mm. Figure 2.14 (c), (d) and 
(e) show the corresponding polyp-like shape found around the estimated point. Using this process, 
radiologists can increase their confidence about the polyp at that point. 

Although we see an increased accuracy of estimating polyp location between scans by 3D non-
rigid deformation, the method presented is still not sufficient to directly incorporate image data such 
as lumen curvature simultaneously into CAPD to detect polyps below the accuracy of the 
registration. 
  The registration method presented has an additional limitation in that it can work only when both 
supine and prone colons are single connected in their shapes, respectively. If one of the supine and 
prone colons is not single connected, the centerline for that colon volume cannot be adapted to the 
piecewise centerline matching algorithm. In addition, the extended demons registration method is 
not reliable when the shapes undergo a topological change. 
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2.5 Conclusion 
We presented a new approach to deformable registration of prone and supine colon volumes. The 
proposed method consists of two steps. First, we introduce a piecewise centerline matching method, 
and used a deformation field interpolated and extrapolated from the difference vectors of those 
piecewise matched regions for the purpose of including the feature information into the registration 
process. By adding this step to the second extended demons registration method, we could obtain 
more accurate volume registration results even though one or both of the supine and prone colon 
volumes have complicated, twisted regions. The second contribution is the extended demons 
registration method, which uses a level-set representation of the object boundary as inputs to the 
demons registration algorithm. From this level-set representation, the demons algorithm can register 
the 3D volumes with high accuracy even though the two objects are separated and minimally 
overlapping. 
   We evaluated the proposed method on real patients' supine and prone colon volumes. The 
registered volumes are well reconstructed and accurate. We also adapted our method to trace the 
polyp locations in the patients' colons, which were already identified by a radiologist. The supine 
polyps were estimated from the prone polyps by our proposed method and the estimated polyp 
locations compared with the radiologist-indicated supine polyp locations.  
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CHAPTER 3. REGISTRATION OF PRONE AND SUPINE 

COLONS IN THE PRESENCE OF TOPOLOGICAL CHANGES  

 

3.1 Abstract 
CT colonography is a minimally-invasive screening technique for colorectal polyps in which X-ray 
CT images of the distended colon are acquired, usually in the prone and supine positions. 
Registration of segmented colons from both images will be useful for computer-assisted polyp 
detection. We have previously presented an algorithm [51, 64] for registration of the prone and 
supine colon when both are well distended and there is a single connected lumen. However due to 
inadequate bowel preparation or peristalsis there may be collapsed segments in one or both of the 
colons resulting in a topological change in the images. Such changes make deformable registrations 
of the colons difficult, and at present there are no registration algorithms which can accommodate 
them. We present an algorithm which can perform volume registration of prone/supine colon images 
in the presence of a topological change.  

 

3.2 Introduction 
CT colonography (CTC) is a non-invasive technique for detecting colorectal polyps and colon 
cancer. CTC has several advantages over optical colonoscopy including reduced risk of 
complications and increased patient compliance within screening recommendations. However, the 
presence of liquid stool by inadequate bowel preparation makes it difficult to examine the colon 
lumen for detection of polyps in CTC. The remaining stool may conceal the lower parts of the 
interior colon when the patients are in the prone or supine positions for CT scanning. Furthermore, 
the remaining stool may block some parts of the colon lumen, which results in the colon 
disconnection in the CT image. The colon disconnection by colon collapse in the CT image also 
occurs by the normal peristalsis of the colon. The registration of prone and supine colons, when one 
of them has collapsed regions, is both a non-rigid registration problem and a topological problem 
(because the missing parts of colon in the images cause topological differences). Although the 
topologically different colon volumes are more frequently observed in the CT colonography than 
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fully-connected colon volumes, the topological difference problem in CTC has not been studied 
because it is very hard to deal with the missing information of colonic position and shape. 

As a sole previous work to handle topologically different objects in other application, the non-
rigid image registration method of Cuzol et al. [45] makes use of a scalar vorticity of the motion 
vector field and divergences for source particles in order to model the non-rigid deformation of 
lesions in the 2 dimensional brain image. They introduce vorticity for rotating motions in the 
deformation field, and divergence for the mathematical description of sinks or sources. This 
divergence term is related to topological change between images. Thus, the deformation field is 
organized by two sets of vortex and source particles. Although their approach in 2 dimensional 
brain images is robust enough to deal with topological change of the images, solving the required 
optimization problem is difficult even in the 2 dimensional case. To extend the method to the 3 
dimensional case, it is suggested in their paper [45] that “Because the vorticity is no longer a scalar 
but a vector, they should consider a line source or a surface source in the 3 dimensional extension 
instead of a particle source in the 2 dimensional version”. The three dimensional extension of this 
method requires an excessively long execution time based on complex derivation of the 
mathematical formulations. 

In this chapter, we present an algorithm for registration of segmented colons from CT 
colonography images in the presence of topological shape differences. The algorithm proposed 
previously ([51, 64]) cannot be applied in cases where there is a topological change in the prone and 
supine colon shape. The algorithm presented in this chapter has been adapted from applications in 
neuroimage analysis [65]. For the registration between topologically different objects, the proposed 
algorithm uses an image evolution of an embedded map representation after rigid transformation of 
the segmented images. 

 

 

3.3 Background 
For 2 dimensional image registration with topological differences, Wyatt [65] embedded a 2 
dimensional image as a manifold in a 3 dimensional space through a mapping                      :( RR →yX 32

where,  
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The σ value in 2 dimensions means the variation rate of the intensity since the intensity is of a 
different scale than (x, y) coordinates. The relationship in (1) can be depicted in Figure 3.1. He used 
the Riemannian metric to measure distance on the surface X as below. 

dydygdydxgdxdygdxdxgds yyxyyxxxX ,,,,
2 +++= ,               (2) 
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   (a) Normal 2D brain image                  (b) Embedded 2D image as a manifold in 3D space 

 Figure 3.1. Visualization of the embedded representation of a 2 D image. 
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U is the normal to the embedded manifold in the Riemannian space. For an image evolution in its 

normal direction with a given speedφ , he set 

where  )()( tIIx T −=
rφUφ=

∂
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t
X .                (5) 
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3.4 Methods 
Figure 3.2 shows the block diagram for the proposed registration method. In Figure 3.2, the 
“Feature-based registration by centerline analysis” section is almost the same as in our previous 
paper [2] except that one of the two colon lumen centerlines is disconnected. As input volumes for 
the different topology registration, the original single connected colon and an intermediate colon 
reconstructed by piecewise centerline matched deformation field from original disconnected colon 
are used. For registration of topologically different images, the algorithm to be presented uses an 
embedded map representation of the segmented images. 
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Figure 3.2. Block diagram for proposed registration method 

 

  



  52

3.4.1  Embedded manifolds for three dimensional space 

The images can be embedded as a manifold in a 4D space through a mapping  

where 

43:),,( RR →zyxX
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According to Gray [66], the definition for a normal vector, which is perpendicular to several vectors, 

is as follows. When M is a regular surface in Rn  and U  ∈ Rn
p with p∈M, Up p is perpendicular to the 

regular surface M at p, provided 0=⋅ pp vU  for all tangent vectors  [66]. In our 

application, all tangent vectors are  

pp M∈U
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Let’s suppose that the normal vector to these tangent vectors is , then T
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Equation (16) is quite similar to that of the normal at any point p on the manifold in 2D [65] except 
z-element expansion.  The time step of the evolution was adapted at each iteration using 
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3.4.2  Image evolution with manifold 

For an image evolution in its normal direction with a given speedφ , we set 
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A min/mod finite difference scheme (equation (8)) is used to approximate the derivatives of the 
current images as in [36]. Gaussian filtering with discrete images Ij,k, to reduce the sensitivity of the 
derivatives to noise, and the forward and backward derivative operators of the filtered image F = G 
* I  are used for the discretized equation, 
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The final discretized equation is then 
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where l is the iteration number and, 

 

( )2
1

222222

,,

),(),(),(1

)(*

−+−+−+ +++

−−
=

zzyyxx

l
kjiT

FFmFFmFFm

IIG
S

σσσ
 .      (22)  

 

 

3.4.3  Input volume preparation 

For an initial 3D experiment, topologically different, synthetic images were used as source and 
target as shown in Figure 3.3. The source object has an oval shape and the target object has a donut-
like shape which is an obviously different topology from that of the source. The dimensions of the 
source and target object are 50x50x50 pixels. Figure 3.4 shows the resulting object after registration. 
Although the resulting object is topologically different, it is not a solid object. The resulting object 
forms a multi-layered object (like an onion) because the input objects undergo a smoothing process 
by the Gaussian filter G during the registration process. This smoothing process blurs the object 
boundary. This multi-layered object cannot be used as a result of registration because it is difficult 
to decide which layer corresponds to original surfaces of the source object and target object. In 
order to overcome this problem, source and target objects are reconstructed by the level-set 
representation using a distance map as shown in Figure 3.5. In Figure 3.5, the source object at 
level=0 shown in Figure 3.5-c and the target object at level=0 shown in Figure 3.5-g represent 
original surfaces of source object and target object, respectively. 
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    (a) Source object             (b) Target object 

Figure 3.3 Topologically different source and target object in 3D 

 

 

 

           
(a) Threshold=254      (b) Threshold=252        (c) Threshold=250       (d) Threshold=230 

 

Figure 3.4 Registration result: onion-like object which has many layers. ((a)-(h) show the same object  

with different layer at each threshold value) 

 

       

(e) Threshold=180      (f) Threshold=130        (g) Threshold=50          (h) Threshold=3 
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Figure 3.5 Level-set representation of source and target objects using distance map 

 

 

3.5 Results 

3.5.1  Results for synthesized volumes 

Figure 3.6 shows the registration results using level-set represented inputs. As one can see in Figure 
3.6, the oval source object (Figure 3.3-a) is evolved to the donut-like target object (Figure 3.6-c) 
after 25 iterations at the level=0. In Figure 3.7, another topological difference example is shown. In 
this example, a big tube-like object is used as a source volume (Figure 3.7-a) and two disjoint tube-
like objects are used as a target volume (Figure 3.7-b). Figure 3.8 shows each step of iterations to 
evolve the source into the target at the level=0. 

 

 

       

(a) source at level= -1  (b) source at level= -0.5   (c) source at level=0    (d) source at level=2 

 

       

(e) target at level= -1   (f) target at level= -0.5   (g) target at level=0     (h) target at level=2 
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Figure 3.6 The evolution of registration results during iteration ((a)-(c)) and final deformation field (d) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.7 Another topologically different source, target object in 3D and their registered result. 

                    
(a) Registration result at 15 iteration with level=0   (b) Registration result at 20 iteration with level=0 

 

                   
(c) Registration result at 25 iteration with level=0   (d) Final registration result after 25 iteration  

with deformation field 

           
      (a) Tube-like object as a source              (b) Two tubes as a target 

 

          

(c) registered results after 28 iterations   (d) Final registration result after 28 iterations with 

deformation field 

  



  59

 
    

    Source        10th iteration       15th iteration       20th iteration 

 

 
 
                  25th iteration        27th iteration       28th iteration        Target

Figure 3.8 The evolution of registration results of Figure 3.7 at various numbers of iterations with level=0 

 

 

3.5.2  Results for topologically different colons 

The figures below show the results applying the proposed method to colon images. Figure 3.9-a is a 
segmented colon from a patient’s prone CT data, which is well distended and all connected. Figure 
3.9-b is a segmented supine colon data of the same patient but disconnected due to the insufficient 
distention. Figure 3.9-c is an intermediate colon registered from Figure 3.9-b using the piecewise 
centerline matched deformation field. Figure 3.9-d is the final registered colon from the 
intermediate colon (Figure 3.9-c) after the application of the 4D deformation field. The final 
registered volume of Figure 3.9-d is quite similar to the target volume of Figure 3.9-a even though 
the source (Figure 3.9-b) is topologically different. Figure 3.9-e and 3.9-f display the final 
registered colon from the intermediate colon (Figure 3.9-c) by three dimensional deformation field 
except 4th embedded map representation and its three dimensional deformation field. Without the 4th 
embedded map representation, the final reconstructed volume of the three dimensional result shows 
that it still has a disconnected region. Estimating polyp location between supine and prone colons 
would be calculated by only the three dimensional deformation field (Figure 3.9-f) without 4th 
component of embedded map representation while the registered colon volume is reconstructed by 
whole embedded representation. Figure 3.10 shows the polyp estimation result using only the three 
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dimensional deformation field. The blue point in the Figure 3.10-a indicates an original polyp 
location in the single connected colon. 

 

Figure 3.9 Registration of topologically different colon images: (a) all connected target colon, (b) 

topologically different source colon, (c) intermediate colon reconstructed by piecewise centerline matched 

deformation field from (b), (d) final registered colon by 4 dimensional deformation field based on embedded 

map, (e) final registered colon by three dimensional deformation field except 4th embedded map and (f) three 

dimensional deformation field for (e). 

 

 

Another blue point in Figure 3.10-b is the registered polyp location from the polyp location (blue 
point in Figure 3.10-a) in the single connected colon by the deformation field of proposed method, 
and red point in the Figure 3.10-b is its corresponding original polyp location in the disconnected 
colon. The distance error between the original polyp location (red point in Figure 3.10-b) and its 

                    

      (a)                            (b)                           (c) 

  

               
    (d)                           (e)                          (f) 
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registered polyp location (blue point in Figure 3.10-b) is 34.69 mm while the distance error between 
the original polyp location and simple rigid-transformed polyp from the single connected colon is 
52.65 mm. 

 

 

               

(a) Original polyp location (blue point)     (b) Registered polyp location (blue point)  

in the single connected colon            from the polyp location in (a) and its 

corresponding polyp location (red 

point) in a disconnected colon.  

Figure 3.10 Polyp estimation using three dimensional deformation field 

 

3.6 Discussion 
thThe physical significance of the 4  component in embedded map representation is adding or peeling 

out the real surface of the object volume. It is a kind of working with clay or play-doh™ like Figure 
3.11 while the first three components of the embedded map representation are the normal three 
dimensional deformation field.  
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           (a) play-doh™                (b) Several layers representing the added  

surface for the 4th component of  

embedded map in 3D 

Figure 3.11 Multi-layers with play-doh™ for representing the 4th component of the embedded map in 3D 

 

Thus, theoretically the source volume can evolve into the target volume with almost zero values of 

the first three components and the dominant 4th component depending on the σ value in Equation 
(8) and (19). This means that the source object can evolve into the target by only carving and adding 
the source surface without moving the source object voxels. This is not a desirable situation from 
the registration point of view because the registration process is required to know the spatial 
transformation which is directly related to the first three components.  

 

 

              (a)                            (b)                               (c) 

Figure 3.12 Relation between a collapsed colon region and its corresponding region. (a) collapse region in 

source colon, (b) source collapsed wall matched with target colon lumen and (c) collapsed region filled with 

layers of different dimension. 
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The value σ = 2 value was found experimentally to obtain reasonable results for the first three 
components. In case of a collapsed region in the disconnected colon and the corresponding region in 
the single connected colon, there might be two different deformable matching methods. The first is 
that the vertical walls in the collapsed region are matched to some points of the colon lumen of the 
single connected colon as shown in Figure 3.12-b. Note that, this matching result is purely 
mathematical and is far from reality because the collapsed region is actually missing information 
due to inadequate distention of colon or remaining stool within colon. Hence, there is no part in the 
single connected colon that corresponds to the collapsed region, and reconstructed colon lumens 
suffer from the same inaccuracy. But, the second proposed embedded map representation fills the 
collapsed region in the colon with a totally new layer from another dimension (Figure 3.12-c). Thus, 
the proposed attempt using the embedded map representation reflects the physical situation more 
realistically. 

In the polyp estimation result, the distance error (34.69 mm) between the original polyp location 
(red point in Figure 3.10-b) and its registered polyp location (blue point in Figure 3.10-b) tends to 
be larger than the average distance error (13.77 ± 6.20 mm) of the centerline analysis with the 
extended demons algorithm in Chapter 2.  

 

 

           (a)                        (b)                            (c) 

Figure 3.13 Feature matching errors by centerline distortion (a) correctly matched region by extrema of 

centerline, (b) no match by centerline analysis due to the residual stool, (c) no match by centerline analysis 

due to inadequate distention. 
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One of the reasons for the larger distance error of polyp estimation is that the volume change by 
4th element of embedded map representation is not taken into consideration on estimating polyp 
location. Polyp estimation was performed only by the three dimensional deformation field. Another 
reason is that the disconnected colon volumes tend to have more severely deformed regions caused 
by inadequate distention and residual stool, which affect the piecewise centerline matching results 
as shown in Figure 3.13. As described in Chapter 2, anatomically similar regions in the shape of the 
colon can be more clearly exposed by the colon centerline. Thus, the piecewise centerline matched 
regions between supine and prone colons play an important role in increasing the accuracy of 
registration by propagating the difference vectors on the matched centerline pieces. As one can see 
in Figure 3.13, the correctly matched region (Figure 3.13-a) found by extrema of the centerline may 
not be correctly detected when there are severe distortions of the colon lumen by residual stool 
(Figure 3.13-b) or inadequate distention (Figure 3.13-c) or both.  

 

 

3.7 Conclusion 
This paper presents an algorithm for registration of segmented colons from CT colonography 
images when there is a topological difference between the shapes. This occurs when there is a 
collapsed segment during shifting of the patient between acquisitions. Deformable registration of 
images undergoing topological change is a relatively unexplored aspect of registration, but one that 
is important in real world imaging situations, as the application to CT colonography shows. 

This topological difference of reconstructed colon volume makes it very difficult to detect the 
polyp from the fully automated analysis of the colon. Therefore, the proposed colon registration 
method which can deal with topological problems of the colon images will contribute to practical 
use of CT colonoscopy in clinical situations. 
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CHAPTER 4. CONCLUSION 

CT colonography has many advantages that make it an attractive diagnostic tool for detecting 
colorectal polyps. The previous chapters have shown some clinical limitations of CT colonography 
(CTC) and how CTC can be improved by 3D volume registration. 

In Chapter 2, the registration method for topologically consistent images combined a feature-
based centerline matching method with an extended demons algorithm that uses a level-set 
representation. After rigid transformation based on the patient’s anus point, a feature-based 
registration is used to align the lumens approximately about their centerlines, defining an initial 
non-linear deformation field. Features, anatomically similar regions in the shapes of the two colons, 
are calculated by piece-wise centerline analysis. The initial estimation of the deformation field is 
refined using the extended demons algorithm. As a volume-based deformation registration, the 
extended demons algorithm is more efficient for both binary objects and little-overlapping objects 
than the original demons algorithm. As shown by the validation study, the combined method can 

register topologically consistent lumens with Jaccard similarity coefficients of 0.915 ± 0.07 over 21 
datasets. When compared with results by rigid transform alone, this method demonstrates increased 
polyp corroboration accuracy. 

   In Chapter 3, the registration algorithm designed for topologically different images combined 
the centerline method discussed previously with an embedded map representation of the segmented 
colons. This method is also effective when used with images that exhibit non-tubular (e.g., Donut 
shaped) topological changes. As pointed out in the introduction, image registration in cases where 
there is a topological change in the images is difficult, since the images cannot be aligned with just 
a purely geometric transformation. In CTC, this situation occurs when peristalsis, insufficient 
distention, or inadequate bowel preparation cause the lumen to be split into multiple air-filled 
regions. There have been relatively few attempts to handle registration under topological change in 
any application and none in CTC. Those that have been proposed in neuroimaging have severe 
computational demands when applied in 3D. Thus the embedded map registration algorithm 
presented in Chapter 3 for registering lumens' with topological differences represents a new branch 
of registration methods. However, this method has its limitations such as the difficulty in matching 
centerlines in the case of a topological change, a prerequisite to applying the embedded map 
registration method. Future work on the CTC registration problem should focus on this step of 
approximate matching of centerlines for the embedded map registration method to have higher 
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accuracy in practical application.  
   In conclusion, this dissertation has introduced methods for registration of topologically 
consistent and inconsistent CT colonography images. Through this study, deformable registration 
for 3D colon volumes was implemented. This enabled the estimation of 3D polyp location between 
the source (prone) and target (supine) colons within errors of 34.69 mm. Registration of 
topologically different objects is a common problem in many imaging applications including CTC 
and this dissertation is one of the earliest to propose an algorithm for this problem. The algorithms 
introduced in this dissertation can be extended for use in other computer-aided diagnosis (CAD) 
applications that deal with long tubular regions (eg. virtual bronchoscopy and virtual angioscopy). 

This paragraph discusses some suggestions for future direction of this thesis. First is reduction 
of computation time for the entire registration process by optimization. As mentioned in Chapter 2, 

almost three hours were needed for the registration of the subsampled (256×256×170) colon data. 
Thus software structure changes for adapting parallel processing in multi-processor computer can 
be considered for reducing the computational time. Second is automation of the entire registration 
process. Currently, there are some parts that require manual setting in both topologically consistent 
registration and topologically different registration, eg. setting a starting point of centerline and 
finding patient’s anus point for initial rigid transform. These instances of user-intervention in the 
software could be replaced with a fully automatic registration process. Third is devising other 
methods which increase the accuracy of estimating polyp location in the topologically different case. 
As mentioned in Chapter 3, polyp estimation was performed only by the three dimensional 
deformation field, which is one of the reasons for the larger distance error of polyp estimation. One 
possible approach to improve this error is adding an approximation of 4th element of embedded map 
representation into the three dimensional deformation field. The source and target objects are 
represented as level-sets, and the variation in the 4th component of the embedded map represents 
adding or peeling out the real surface of the object. Therefore, the perturbation to the surface-
normal direction on the real surface (which is reconstructed from only the three dimensional 
deformation field) may reduce the error. Fourth future direction is the extension of the proposed 
method to the more complicated colon pairs such as both prone and supine colons have collapsed 
regions or multiple collapsed regions (Figure 4.1).  
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Figure 4.1 Examples for more complicated colons
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