US 20050152588A1

a2 Patent Application Publication (o) Pub. No.: US 2005/0152588 A1l

a9 United States

Yoshida et al.

43) Pub. Date: Jul. 14, 2005

(549) METHOD FOR VIRTUAL ENDOSCOPIC
VISUALIZATION OF THE COLON BY
SHAPE-SCALE SIGNATURES,
CENTERLINING, AND COMPUTERIZED
DETECTION OF MASSES

(75) Inventors: Hiroyuki Yoshida, Chicago, IL (US);
Janne J. Nappi, Chicago, IL (US),
Hans Frimmel, Uppsala (SE);
Abraham H. Dachman, Chicago, IL.
(US)

Correspondence Address:

OBLON, SPIVAK, MCCLELILAND, MAIER &
NEUSTADT, P.C.

1940 DUKE STREET

ALEXANDRIA, VA 22314 (US)

(73) Assignee: University of Chicago, Chicago, IL
(21) Appl. No.: 10/974,699
(22) Filed: Oct. 28, 2004

Related U.S. Application Data

(60) Provisional application No. 60/514,599, filed on Oct.

Publication Classification

(51) Int. CL7 oo GO6K 9/00; GOGK 9/46;
GO6K 9/66; A61B 5/05
(52) US.CL oo, 382/128; 600/407; 382/190;

382/154; 382/162

(7) ABSTRACT

A visualization method and system for virtual endoscopic
examination of CT colonographic data by use of shape-scale
analysis. The method provides each colonic structure of
interest with a unique color, thereby facilitating rapid diag-
nosis of the colon. Two shape features, called the local shape
index and curvedness, are used for defining the shape-scale
spectrum. The shape index and curvedness values within CT
colonographic data are mapped to the shape-scale spectrum
in which specific types of colonic structures are represented
by unique characteristic signatures in the spectrum. The
characteristic signatures of specific types of lesions can be
determined by use of computer-simulated lesions or by use
of clinical data sets subjected to a computerized detection
scheme. The signatures are used for defining a 2-D color
map by assignment of a unique color to each signature
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METHOD FOR VIRTUAL ENDOSCOPIC
VISUALIZATION OF THE COLON BY
SHAPE-SCALE SIGNATURES, CENTERLINING,
AND COMPUTERIZED DETECTION OF MASSES

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] The present application is related to U.S. Patent
Application Ser. No. 60/514,599, filed Oct. 28, 2003, and
U.S. patent application Ser. No. 10/270,674, filed Oct. 16,
2002, the contents of which are incorporated herein by
reference.

STATEMENT REGARDING FEDERALLY
SPONSORED RESEARCH

[0002] The present invention was made in part with U.S.
Government support under USPHS Grant No. CA095279.
The U.S. Government may have certain rights to this inven-
tion.

BACKGROUND OF THE INVENTION
[0003] Field of the Invention

[0004] The present invention relates generally to systems
and methods for the computer-aided detection of three-
dimensionally extended organ lesions. The present invention
also generally relates to automated techniques for the detec-
tion of abnormal anatomic regions, for example, as dis-
closed, in particular, in one or more of U.S. Pat. Nos.
4,907,156; 5,133,020, 5,832,103; and 6,138,045; all of
which are incorporated herein by reference. Further, the
present invention relates to visualization methods for virtual
endoscopic examination of CT colonographic data.

[0005] The present invention also generally relates to
computerized techniques for the automated analysis of digi-
tal images, for example, as disclosed in one or more of U.S.
Pat. Nos. 4,839,807, 4,841,555, 4,851,984; 4,875,165;
4,907,156, 4,918,534; 5,072,384; 5,133,020, 5,150,292,
5,224,177, 5,289,374; 5,319,549; 5,343,390; 5,359,513;
5,452,367, 5,463,548; 5,491,627, 5,537,485; 5,598,481,
5,622,171; 5,638,458; 5,657,362; 5,666,434; 5,673,332,
5,668,888; 5,732,697; 5,740,268; 5,790,690; 5,832,103
5,873,824; 5,881,124; 5,931,780; 5,974,165; 5,982,915;
5,984,870, 5,987,345; 6,011,862; 6,058,322; 6,067,373,
6,075,878, 6,078,680; 6,088,473; 6,112,112; 6,138,045;
6,141,437, 6,185,320, 6,205,348; 6,240,201; 6,282,305;
6,282,307, 6,317,617, 6,335,980; 6,363,163; 6,442,287,
6,466,689; 6,470,092; 6,594,378; 6,738,499; 6,754,380,
6,813,375; as well as U.S. patent application Ser. Nos.
09/759,333; 09/760,854; 09/773,636; 09/816,217; 09/830,
562; 10/120,420; 10/270,674; 10/292,625; 10/358,337;
10/360,814; all of which are incorporated herein by refer-
ence.

[0006] The present invention includes use of various tech-
nologies referenced and described in the above-noted U.S.
Patents and Applications, as well as described in the refer-
ences identified in the following LIST OF REFERENCES
by the author(s) and year of publication, and cross-refer-
enced throughout the specification by reference to the
respective number, in brackets, of the reference:
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DISCUSSION OF THE BACKGROUND

[0090] Colon cancer is the second leading cause of cancer
deaths in the United States [41,42,63]. Colonic polyps are
seen as potential precursors of colon cancer, and studies
show that early detection and removal of the polyps can
reduce the risk and the incidence of colon cancer [1,2,43].
Virtual endoscopy of the colon, often called computed
tomographic colonography (CTC) or virtual colonoscopy, is
a new technique for non-invasive detection of colorectal
neoplasms by use of a CT scan of the colon [2,3,4,64]. If
CTC can demonstrate satisfactory performance in the detec-
tion of polyps, it could be an effective technique for screen-
ing of colon cancer in large populations [4,5,65].

[0091] To be a clinically practical tool for screening of
colon cancer, CTC must be feasible for the interpretation of
a large number of images in a time-effective fashion [6,7],
and it must facilitate the detection of polyps with high
accuracy [4]. However, at present, the interpretation of CTC
is a potentially slow process. Despite recent advances in the
development of 3-D imaging software and hardware, the
current interpretation time of CTC is at least 5-20 minutes
per case even for expert abdominal radiologists, and human
factors such as fatigue may lengthen the interpretation time,
particularly when a primary 2-D interpretation technique
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based on multiplanar reformatting is used [2]. Moreover, the
reported diagnostic performance of CTC varies substantially
among readers and among different studies. Although sev-
eral studies have yielded by-polyp detection sensitivities of
70-90% with corresponding by-patient specificities of
approximately 90-100% [8,44], some studies have reported
much lower performance results [9].

[0092] The accuracy of the detection of polyps is often
affected by image display methods because they change the
visibility and conspicuity of the polyps. Therefore, a sub-
optimal implementation of the display methods may
increase the perceptual error even among experienced read-
ers [10]. To facilitate a rapid and accurate interpretation of
CTC, a number of computer-assisted visualization methods
have been reported during the past several years[2,11]. Most
of them are concerned with the visualization of the entire
colon, so that observers do not miss any lesions. Volume-
rendered 3-D endoluminal viewing is a widely accepted
method for simulating the appearance of optical colonos-
copy [12], and multiple windows may be used for presenting
a full 360-degree view of a colonic lumen at a given location
[11]. The colon may be unfolded to represent it as a 2-D
plane [13,14], which could potentially minimize the blind
spots that are often associated with an endoluminal fly-
through view [15]. Another method, based on volume ren-
dering, is a semi-transparent view of the complete colon,
similar to a double-contrast enema, that can be used for
displaying the locations of the findings for a follow-up
examination [16].

[0093] In these visualization methods, the standard prac-
tice has been to color the colon by use of a monochromatic
coloring scheme, such as a grey-scale or pink-scale coloring
based on the CT values within the data set. A careful, and
therefore time-consuming, interpretation of the CTC data is
required, because the visual color cues that normally exist in
colonoscopy, such as mucosal color changes, are absent. For
example, as shown in FIG. 1, diverticula may look quite
similar to polyps in a volume-rendered endoluminal grey-
scale view. This may lengthen the interpretation time of
CTC, because a radiologist may need to study the locations
of diverticula to differentiate them from polyps, either by use
of 3-D navigation or by adjustment of the shading and
lighting effects.

[0094] Pseudo-coloring (or indexed coloring) is a well-
known method for enhancing the visualization of data that
do not have inherent color information [17,18]. It can be
used, for example, to highlight important values or to
identify structures, features, or patterns within the data. The
input data are typically colored by substituting each data
value by a color indicated by a lookup table. Also in CTC,
some previously reported investigations have used such
color schemes for the visualization of colonic lesions. For
example, Choi et al. [19] used a color spectral imaging
scheme to enhance the visualization of axial CTC images.
Summers et al. [20] visualized the results of a computerized
polyp detection scheme by coloring of the colon based on
the curvature of the colonic surface. Wax et al. [21] devel-
oped a translucent volume rendering method for the analysis
of mucosal opacities, which allowed one to differentiate
between contrast-enhanced stool and polyps. Others have
developed color schemes for the visualization of the texture
differences between polyps and stool [22,23].
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[0095] Because the diagnosis of a CTC case is made by
radiologists based on visual examination, an unambiguous
display of the colon is expected to improve the reader
performance in CTC.

[0096] Moreover, although recent advances in virtual
endoscopy allow physicians to examine the colon in CTC
interactively with endoluminal perspective views [66], com-
plete navigation through the entire colon with virtual endo-
scopy can be tedious and time consuming because an
inexperienced physician may lose track of the position and
orientation of the colon. The difficulty and the time required
for navigating through the colon could be reduced substan-
tially by use of the centerline of the colonic lumen. Directing
a 3-D camera that creates the endoluminal views of the colon
along the centerline allows physicians to navigate easily
through the colon. A physician can also veer from the path
for closer inspection of the anatomy and later use the central
path to re-orient him-or herself in the virtual space. The
colon centerline can also aid an advanced visualization of
the colon, such as straightening the colon [13,67] and the
cylindrical and planar-map projections of the colon [68].

[0097] Several approaches have been proposed for com-
putation of the centerline of a colon, some of which are
semi-automatic, whereas others are fully automatic. Ge et al.
[69, 70] used topological thinning for creating a 3-D skel-
eton, then removed loops and branches and, finally, approxi-
mated the centerline by using B-splines. A user defines a
starting seed point. Paik et al. [71] generated an initial path
at the object surface by using region-growing. The path was
later refined to a center position by use of a thinning
algorithm. The user supplied the program with two end
points. Samara et al. [72] used a seed point in the rectum as
the start for a region-growing that generated a centerline.
The same procedure was repeated for another seed point
placed in the cecum. The final centerline was the average of
the two centerlines. Wan et al. [73] used a distance from
boundary field to create a directed, weighted graph. The
centerline was calculated by computation of the minimum-
cost spanning tree for the graph. One or two pre-defined seed
points were needed as input. Bitter et al. [74] computed the
gradient field of a distance from boundary field, which was
first used for computing the distance from the source and the
root in order to find the end points, and then to find the actual
centerline. This centerline could later be expanded to a
skeleton based on the same basic principle. The method
required a single connected component as input, but no seed
points were necessary. Deschamps and Cohen [75] used one
or two user-defined seed points as a starting (ending) point
for a front propagation that was used for finding an initial
distance map. A second, inwardly propagated front was then
computed, and a minimal path search for this map was
performed which provided the final centerline.

[0098] Most of these existing methods rely on manually
extracted seed points or complete colon segments identifi-
cation for the computation of a single centerline segment.
Manual extraction of the seed points can be a tedious and
inaccurate process when the location of the colon is
obscured by a large amount of small bowel adhering to the
colon, or when the colon is fragmented into multiple dis-
connected segments due to collapsed regions. For the same
reasons, the segmentation of the colon is often incomplete,
and it contains extra-colonic segments in addition to the
colon. This makes methods that rely on a complete colonic
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pathway and complete colon segments identification work
poorly unless some additional seed selection procedure is
applied for finding the different parts of the colon. Fully
automated methods can be used even in cases with collapsed
regions by iterating through each independently segmented
region. However, in this way, centerline segments will also
be created for each extra-colonic findings.

[0099] The existing algorithms for the computation of a
colon centerline are also time-consuming. At best, a com-
putation time of 12-17 seconds per centerline, evaluated on
4 cases with use of an Intel Pentium-based 700 MHz PC,
was reported [ 73]. This computation time excludes the time
for the Euclidean distance transform (DT) [76] needed by
the algorithm. Because the Euclidean DT calculation itself is
a time-consuming process, the actual centerline computation
time is considerably longer. Other approaches require even
more computation time, such as 5 minutes (Silicon Graphics
O, workstation) [72] and 8 minutes (Silicon Graphics
R10000 workstation) [69].

[0100] Finally, problems such as the potentially slow
interpretation time and the variable diagnostic performance
of CTC may also be addressed by use of computer-aided
detection (CAD).

[0101] CAD could complement CTC by reducing the
interpretation time, minimizing the perceptual error, and
increasing the diagnostic performance of the interpretation
of CTC [2]. Several CAD schemes have been developed for
the detection of polyps in CTC during recent years. Most use
shape-based features to locate suspicious regions from the
colonic wall: Vining et al. [45] used curvature and wall
thickness features of the colonic surface, Summers et al.
[20,46] used curvature and sphericity features, Paik et al.
[47,48] used the Hough transform, Yoshida et al. [33,49]
used shape and texture features with a fully automated
scheme, and Kiss et al. [50] used surface normals and sphere
fitting. In addition, several methods have been developed for
the reduction of false-positive (FP) detections. Goktiirk et al.
[51] developed a random orthogonal shape sections method
for the differentiation of polyp candidates by use of support
vector machines, Nippi et al.[52] developed several volu-
metric shape and texture methods for the differentiation of
the shape and the texture of polyp candidates, Acar et al. [53]
used edge displacement fields to model the changes in
consecutive cross-sectional views of the CTC data, Jerebko
et al[54] used a committee of neural networks to classify
polyp candidates, and Nippi et al.[35] developed a new
method for the extraction and analysis of polyp candidates.
The evaluation methods and the results vary among studies;
generally, however, the results indicate that 70-100% of
visible polyps =10 mm could be detected by CAD with an
average FP rate of 1-8 detections per data set.

[0102] Colorectal masses are generally considered well
visualized by a radiologist because of their size, continua-
tion, and secondary findings. Therefore, little effort has been
made to develop CAD schemes for mass detection. Never-
theless, the detection of both polyps and masses by CAD in
CTC would provide a more comprehensive computer aid
than the mere detection of polyps. If masses are not detected
by CAD, the radiologist needs to perform a careful and
complete review of all CTC cases for the presence of
masses, which may increase the reading time. In addition,
not all masses are easy to detect, depending on the readers’
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experience and on how rapidly the readers are reading the
cases [55] Therefore, the application of CAD for mass
detection could improve the diagnostic accuracy of CTC by
reducing potential reading errors due to reader fatigue,
inexperience, or too rapid reading. Without explicit mass
detection, the computer could also confuse masses with
other types of lesions. Some types of masses have local
surface bumps that tend to be detected as suspicious regions
by a CAD scheme for the detection of polyps (FIG. 16A).
Because of the large size of masses as compared with
polyps, the mass surface could be detected as several such
FP polyp detections, thereby potentially confusing the radi-
ologist when the case is reviewed with CAD.

[0103] Previously, a multi-scale method for the detection
of masses in CTC was developed [56]. Cap-like shapes were
first detected by use of the shape index and the curvedness
features in multiple scales based on a Gaussian pyramid of
the CTC volume. The mass regions were extracted by use of
a region-growing technique, and false positives were
reduced by a quadratic classifier. In an evaluation with 20
patients, including 7 patients with a total of 8 colonoscopy-
confirmed masses, all masses were detected by the method
with an average FP rate of 0.45 detections per patient.
Although the detection performance was satisfactory for that
preliminary study, the method was well suited only for the
detection of masses with a significant intraluminal compo-
nent. Furthermore, the method added considerable compu-
tational overhead to the CAD scheme because it was imple-
mented separately from the polyp detection scheme.

SUMMARY OF THE INVENTION

[0104] The present invention provides a new method for
enhancing the endoscopic visualization of the colonic
lumen. Each unique structure of importance in the colon can
be highlighted automatically by a unique color, which makes
it easy to perceive the relevant lesions at one glance. The
present invention provides a method for coloring of the
colon, which is based on a detailed theoretical framework of
shape-scale analysis and can be adjusted systematically to
delineate specific types of lesions. After the shape-scale
specification, the different colonic structures are marked
automatically with a unique color to provide an immediate
visual differentiation of the lesions. In particular, polyps and
diverticula, the visual differentiation of which may require
additional time-consuming steps in monochromatically vol-
ume-rendered images (FIG. 1), can be differentiated with
little effort by use of our method because they are assigned
different colors. Moreover, the input CTC data can be
acquired in a conventional manner: there is no need for
special protocols such as the use of a contrast agent or
fecal-tagging agents. The computations required by the
method can also be implemented efficiently. Furthermore,
the method can be used in applications of virtual endoscopy
other than mere visualization, such as computer-aided detec-
tion (CAD), in which the detection of lesions of interest is
based upon their shape or scale characteristics. Such an
application of our coloring scheme based on shape-scale
signatures is described below.

[0105] The present invention also provides an algorithm
for computation of the colon centerline that is not only
robust to collapsed regions and poor segmentation, but is
also faster than any previously reported method. The input
to the algorithm is a distance map (DM) that is the result of
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a DT of the segmented colonic lumen. The colonic lumen is
segmented by first thresholding of the air in the CTC data
set, and then removing the lungs, bones, and skin. The
regions representing lungs, bones, and skin are obtained by
thresholding, where threshold values are determined adap-
tively from the histogram of the isotropic volume by iden-
tification of the characteristic peaks corresponding to air, fat,
and muscle [77]. More precise segmentation algorithms,
with respect to complete colon segments identification, exist
[78]. However, in order to emphasize on the advantages of
the present algorithm, the straightforward threshold-based
segmentation approach was chosen.

[0106] The centerline algorithm is based on the well-
known Kruskal algorithm [79] for generating a minimum
spanning tree. In the present invention, the cost function is
based on the DM value for the nodes and the Euclidean
distance between nodes. Unlike the Kruskal algorithm, the
iteration is allowed to stop before a single spanning tree was
formed.

[0107] The centerline algorithm first extracts local
maxima in the DM, divided into two categories—seed
points and regular points. Seed points are the subset of local
maxima that has DM values larger than a pre-defined
threshold level. Regular points are the remaining local
maxima. Starting with maxima with the largest distance
values, available maxima are iteratively transferred to be
single-node graphs in a graph structure. During each itera-
tion, graphs are joined by linking of all pairs of nodes that
satisfy a set of connection criteria. After the last iteration,
branches are removed from the remaining graphs. The end
segments of the remaining graphs are then recovered, after
which the actual centerline is represented as the set of graphs
containing at least one seed point each.

[0108] Further, the present invention provides a CAD
method for the detection of intraluminal and non-intralumi-
nal types of colorectal masses. Intraluminal masses are
masses with a significant intraluminal component, such as
lobulated, polypoid, or circumferential types of masses.
Non-intraluminal masses, are masses that are associated
with a mucosal wall-thickening type of growth pattern rather
than those with a significant intraluminal component. Two
mass detection methods were developed, one for each type
of mass, because these two types can appear in very different
forms in CTC (FIGS. 16A-16C). The first method detects
intraluminal masses by an analysis of the fuzzy member-
ships between the initial detections of suspicious polypoid
regions by previously developed CAD methods for the
detection of polyps [34]. The second method detects non-
intraluminal masses by searching for thickened regions of
the colonic wall. The final regions of the detected masses are
extracted by use of a level set method based on a fast
marching algorithm. To investigate whether the mass detec-
tion methods and the polyp detection methods could be
integrated into a single CAD scheme, the polyp candidate
detections which overlapped with the regions of the final
mass detections were eliminated. Thus, each detected lesion
was labeled either as a polyp or as a mass.

[0109] According to one aspect of the present invention,
there is provided a method, system and computer program
product for displaying volumetric image data of a target
organ as a visual aid in detecting at least one abnormality in
the target organ, comprising (1) obtaining the volumetric
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image data of the target organ, the volumetric image data
including a plurality of voxels having a respective plurality
of image data values; (2) determining at least two geometric
feature values at each voxel in the plurality of voxels based
on the plurality of image data values; (3) determining a
colormap by assigning a color to each possible combination
of the at least two geometric feature values, wherein each
assigned color corresponds to a different region type within
the target organ; (4) determining a display color for each
voxel in the plurality of voxels based on the determined
colormap; and (5) displaying, based on the determined
display color for each voxel in the plurality of voxels, a color
image representing the volumetric image data of the target
organ.

[0110] Further, according to one aspect of the present
invention, there is provided a system for displaying volu-
metric image data of a target organ as a visual aid in
detecting at least one abnormality in the target organ,
comprising: an image acquisition unit configured to obtain
the volumetric image data of the target organ, the volumetric
image data including a plurality of voxels having a respec-
tive plurality of image data values; a processor configured
(1) to determine at least two geometric feature values at each
voxel in the plurality of voxels based on the plurality of
image data values, (2) to determine a colormap by assigning
a color to each possible combination of the at least two
geometric feature values, wherein each assigned color cor-
responds to a different region type within the target organ,
and (3) to determine a display color for each voxel in the
plurality of voxels based on the determined colormap; and a
display unit configured to display a color image representing
the volumetric image data of the target organ, based on the
determined display color for each voxel in the plurality of
voxels.

[0111] Further, according to another aspect of the present
invention, the step of determining the colormap comprises
obtaining simulated or clinical volume data representing the
target organ; determining, based on the simulated volume
data, the at least two geometric feature values for each voxel
in the simulated volume data; selecting a region type of the
target organ; determining combinations of the at least two
geometric feature values that most frequently correspond to
the selected region type; and assigning a color to each of the
determined combinations of the at least two geometric
feature values that correspond to the selected region type.

[0112] Further, according to another aspect of the present
invention, the step of determining the at least two geometric
features comprises: determining, based on the plurality of
image data values, a shape index at each voxel, the shape
index being indicative of a local shape at each respective
voxel; and determining, based on the plurality of image data
values, a curvedness index at each voxel, the curvedness
index being indicative of a magnitude of the local shape at
each respective voxel.

[0113] Further, the present invention provides a method of
processing a set of volumetric data encompassing a target
organ, comprising detecting multiple lobulated regions of
the targeted lesion; and reclassifying the detected regions to
detect the entire lesion. In addition, the present invention
provides that the detecting step comprises computing volu-
metric features characteristic of lobulated regions at each
point in the volume representing the targeted lesion; and
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determining the possible lobulated regions of the targeted
lesion based on the computed volumetric features. Further,
the reclassifying step comprises merging the detected lobu-
lated regions by fuzzy merging; and expanding the merged
lobulated regions to extract the entire lesion. Moreover, the
merging step comprises determining the membership grade
for each of the detected lobulated regions; and clustering the
lobulated regions that have a high membership grade. The
expanding step comprises applying a volumetric region
expansion method to the merged lobulated regions, and the
step for determining the membership grade comprises for-
mulating a membership function for any two lobulated
regions, which has a high value when the two regions belong
to a single lesion, based on the CT and gradient values along
a ray that connects the two regions; and calculating a
membership grade for each of the lobulated regions based on
the membership function. Finally, the step for applying a
volumetric region expansion comprises using a modified
level set method with fast marching algorithm.

BRIEF DESCRIPTION OF THE DRAWINGS

[0114] A more complete appreciation of the invention and
many of the attendant advantages thereof will be readily
obtained as the same becomes better understood by refer-
ence to the following detailed description when considered
in connection with the accompanying drawings, wherein:

[0115] FIG. 1 is a volume-rendered endoscopic view of
diverticula (indicated by four white arrows), wherein the
diverticula look very similar to small polyps when the
standard grey-scale coloring scheme is used for visualizing
the colonic lumen such that radiologists need to spend time
to determine whether these lesions are diverticula or polyps,
which increases the interpretation time of CTC;

[0116] FIG. 2 illustrates that the shape index feature maps
local surface patches continuously to a numeric value
between —-1.0 and 1.0;

[0117] FIG. 3 is an illustration of the shape-scale spec-
trum, wherein the 15 surface patches shown in the plane
demonstrate the shape and scale information provided by the
local shape index and curvedness values at each region;

[0118] FIGS. 4A and 4B show examples of computer-
detected lesions, including a detected polyp (4A) and four
detected diverticula (4B);

[0119] FIGS. 5A-5D show examples of computer-simu-
lated lesions, including folds (5A), sessile polyps (5B),
pedunculated polyps (5C), and diverticula (5D);

[0120] FIGS. 6A and 6B are illustrations of the shape-
scale spectra of computer-simulated lesions (6A) and a
clinical data set (6B), wherein the clinical data set contains
5 colonoscopy-confirmed polyps and a large number of
diverticula and the white color indicates highest and black
color zero occurrence of a shape index and curvedness pair;

[0121] FIG. 7 is a diagram of the shape-scale color map
method according to the present invention;

[0122] FIG. 8 is an example view of a CAD workstation
for the detection of polyps and masses in CTC;

[0123] FIGS. 9A-91I show examples of the shape-scale
color maps, including color maps generated by use of
computer-simulated lesions (9A-9F), color maps generated



US 2005/0152588 Al

by use of clinical data (9G-9H), and a color map generated
for application of the hybrid scheme (91);

[0124] FIGS. 10A-10D are examples of the coloring of
computer-simulated lesions, including folds (10A), sessile

polyps (10B), pedunculated polyps (10C), and diverticula
(10D);

[0125] FIGS. 11A-11D show an endoscopic view of a
polyp (11A) and three examples (11B-11D) of colorings of
the view of 11A by shape-scale color maps based on
computer-simulated lesions;

[0126] FIGS. 12A-12D show an endoscopic view of a
polyp and diverticula (11A) and three examples (12B-12D)
of colorings of the view of 12A by shape-scale color maps
based on clinical data;

[0127] FIGS. 13A and 13B illustrate two examples of a
monochromatic endoscopic view of a polyp (left) and the
corresponding hybrid shape-scale coloring (right) where the
computer-detected polyps and diverticula are colored in
green and blue, respectively;

[0128] FIG. 14 illustrates ROC curves, wherein the thick
ROC curves represent the performance of observers 1, 2,
and 3 without the use of shape-scale coloring, the thin curves
represent the performance with the application of the hybrid
shape-scale color map, and the three thin curves overlap
each other significantly and thus appear to be almost a single
line.

[0129] FIG. 15 illustrates the effect of the hybrid shape-
scale color map in improvement of the observer perfor-
mance, wherein the black bar shows the performance with
monochromatic coloring of the colon, and the grey bar
shows the performance when the colon was colored by the
hybrid coloring scheme;

[0130] FIGS. 16A-16C illustrate examples of masses with
different types of morphologies, including, respectively, (a)
a 50-mm intraluminal circumferential mass with apple-core
morphology in which the irregular surface of the mass
produces locally polyp-like shapes that are detected as polyp
candidates (white regions) by a CAD polyp detector; (b) a
35-mm polypoid pedunculated mass (white arrow); (c) a
non-intraluminal wall-thickening type of mass, which can be
identified based on the associated mucosal thickening,
wherein the white arrows indicate the margins of the mass,
and the mass diameter perpendicular to the colonic pathway
is approximately 35 mm, but the complete length of the
colonic segment covered by the thickened wall is approxi-
mately 90 mm;

[0131] FIG. 17 illustrates a distribution of the diameters
of the 14 masses used in the mass study;

[0132] FIG. 18 illustrates how the region of the colonic
wall is extracted by use of a knowledge-guided colon
segmentation technique in which the top figures show that,
starting from a 3-D isotropic data set, the technique first
eliminates the region outside the body, the osseous struc-
tures, and the lung bases, and the bottom figures show that
the colonic wall is extracted from the remaining region first
by use of thresholding (left), and then by use of a self-
adjusting volume-growing technique (right), wherein the
volume-growing step eliminates the small bowel and other
extra-colonic structures from the extracted region of the
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colonic wall (in the axial images at the bottom, the extracted
region of the colonic wall is shown in white before and after
the volume-growing step);

[0133] FIGS. 19A and 19B illustrate the method in which
(2) to estimate whether two detections, A and B (indicated by
thick white boundaries), are within the same lesion, a
sampling ray R is determined between the centers of A and
B, and to characterize the membership between A and B, R
was divided into two regions: [A, B] is the region of R
within A and B, and (A, B) is the region of R outside A and
B; and (b) the ratio of the smallest CT value along R outside
A and B (miner (A, B)) to the average CT value of A and B
along R (mean,{A, B]) is determined wherein a high ratio
of

mincr (A, B)
meancr[A, B]

[0134] indicates that A and B are located within the same

lesion;

[0135] FIGS. 20A and 20B show dotted lines that repre-
sent a sampling ray between a polyp detection and a mass
detection in the axial (20A) and coronal (20B) view, wherein
the membership grade of the detections based only on the
CT value and gradient would be 0.56 and because the
detections are far apart (3 cm), they are not merged because
the distance term en(A,B) reduces the membership grade
below the hard threshold of 0.5;

[0136] FIG. 20C shows an example of the merging of
detections on a non-trivial shape, wherein the circles A, B,
and C represent initial detections and even though A and B
have a membership grade of zero because of the air in
between, they are merged into the same region because C
has a high membership grade with both A and B, and the
distance between A, B, and C is small;

[0137] FIGS. 21A and 21B show, respectively, that the
thickness of the colonic wall is estimated by use of a 3-D
sampling ray between L;;, and L, and after determining
the location of the maximum CT value, CT,,, along the ray,
the region of the colonic wall is determined from the
locations of the maximum gradients, GR,,;, and GR_,,
around CT_,; and that the symmetry of the thickening is
verified by projection of an inverse sampling ray from the
starting point Ly, to the opposite wall, and searching for
detected thickening in the neighborhood of the “checkpoint™
on the wall;

[0138] FIG. 22A shows residual fluid (indicated by the
white boundary) may look similar to a thickened colonic
wall, because it appears as a clearly delineated layer of
high-density CT values at the surface of the colonic wall,
wherein such a region can be detected based on its flat
surface where the gradient vectors are oriented in the sagittal
direction;

[0139] FIG. 22B shows that a normalized vector v at a
surface of fluid is expected to have a sagittal component of
Z90% of the magnitude of the vector;

[0140] FIGS. 23A-23C show three examples of the detec-
tion and level-set extraction of masses in axial and coronal
images, wherein the first and second rows show the original
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mass regions in soft tissue and lung window settings,
respectively, and the third and fourth rows show the detected
and extracted regions of the masses, respectively, labeled in
white, wherein FIGS. 23A and 23B show detection of
intraluminal masses by use of the fuzzy merging technique
and FIG. 23C shows detection of a non-intraluminal mass
by use of a wall-thickening analysis technique;

[0141] FIG. 24A shows a distribution of the TP (large
black circles) and FP (small grey circles) mass detections,
wherein the boundaries indicate various detection sensitivity
levels generated by a quadratic classifier, such that FIG.
24A shows detection of intraluminal masses by the fuzzy
merging method, wherein the discriminating features are the
mean CT value (mean(CT)) and the mean of the 10 highest
shape index values within the mass (max10(SI)) in that these
features are effective because masses have a relatively
uniform CT value that is generally higher than that of FPs,
and their shape has more of the smooth cap-like surface
patches than does that of FPs;

[0142] FIG. 24B shows detection of non-intraluminal
masses by wall-thickening analysis, wherein the discrimi-
nating features are the variance of the CT value(var(CT))
and the mean value of the gradient (mean(GRM)) in that
these features characterize the sharpness of the surface of the
non-intraluminal masses: FPs tend to have a more blurred
surface because they are often associated with nonspecific
stool or collapsed regions of the colon;

[0143] FIG. 25 illustrates the FROC curve (solid line) of
the combined performance of the detection of 14 masses
(30-60 mm) from the 82 patients with the fuzzy merging and
wall-thickening analysis in which the performance of the
detection of 30 polyps (5-25 mm) by the CAD scheme for
the detection of polyps is shown by the dotted curve;

[0144] FIG. 26 illustrates visualization of the mass
(arrows) that was missed by both mass detection methods in
which the rectal mass was partially cut off from the CTC
data set in both supine and prone positions, including: top
left: coronal view shows the tip of the mass projecting into
the air-filled rectum within caudal CT images; right: the
most caudal supine axial CT image suggests the presence of
a mass; and bottom left: 3-D endoscopic view confirms the
characteristic apple-core morphology of the mass;

[0145] FIGS.27A and 27B illustrate examples of FP mass
detections, indicated by white arrows including, respec-
tively, axial (top) and coronal (bottom) views (27A) of a
bulbous ileocecal valve detected by the fuzzy merging
method; and soft-tissue window displays of the axial (top)
and coronal (bottom) views (27B) of a normal circumfer-
ential thickening due to perirectal muscles and wall,
detected by the wall-thickening analysis, wherein the rectal
tube is in place with the balloon deflated. All FPs detected
by the wall-thickening analysis were of this type;

[0146] FIG. 28 shows an example of an intraluminal mass
that was not detected by the CAD method in the supine
position, wherein the white arrows indicate the location of
the mass in the axial, coronal, and sagittal images and the
mass is immersed within fluid in the supine position (top
row), but is clearly visible in the prone position (bottom
row);

[0147] FIGS. 29A-29G shows a step-by-step illustration
of the principle of the centerline algorithm, although each
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figure is not an actual rendering by use of the algorithm, but
is a simplified illustration in order to make the principle as
clear as possible, wherein the actual algorithm works in 3-D,
using a 3-D distance map and spheres rather than a 2-D
distance map and circles, the steps including:

[0148] 29A, the Seedpoint Extraction step, in which
an initial set of maxima, referred to as the seed
points, is chosen from the set of available maxima
found in the Detection of Local Maxima in DM,
wherein the circles surrounding the seed points rep-
resent the scaled central distance values;

[0149] 29B, in which links joining pairs of nodes
satisfying the criteria in the Graph Connection are
created;

[0150] 29C, in which, as a part of the Window-Based
Iteration, more maxima found in the Detection of
Local Maxima in DM are chosen;

[0151] 29D, in which the graph generated after the
Graph Connection step in Window-Based Iteration is
applied;

[0152] 29E, in which links removed in the first step
of Branch Cutting are shown as dashed lines;

[0153] 29F, in which all links removed in the first and
second steps of BranchCutting are shown as dashed
lines and because no nodes have more than two links,
the branch-cutting process stops;

[0154] 29G, in which, in Branch Recovery, the
branches of the current end nodes B and C are
recovered and because at least one of the nodes in the
graph is a seed point (B, among others), the solid
links represent a centerline segment that is stored in
Save Result;

[0155] FIG. 30 illustrates a method for measurement of
the similarity between a “reference” centerline (solid line)
and a “slave” centerline under evaluation (dashed line),
including calculating the percentage of the regions of the
reference centerline that are covered by the slave centerline,
wherein the segments and above illustrate regions not cov-
ered; calculating the average and maximum displacements
(in 3-D) between the reference and slave centerlines in the
regions covered by the slave centerline, which is performed
by averaging of the displacements between the reference and
slave centerlines, measured at an equal path distance at the
reference centerline, where applicable;

[0156] FIGS. 31A-311 show representative cases in the
“straightforward” category (31A-31C), representative cases
in the “moderate” category (31D-31F), and representative
cases in the “challenging” category (31G-31I);

[0157] FIGS. 32A-32D illustrate, respectively, a phantom
with small average radius (3 mm) (32A), a phantom with
large average radius (18 mm) (32B), a centerline computed
for the most narrow phantoms (2 mm, 3 mm radius) ren-
dered as grey, compared with path used for generating the
phantom (white) (32C), and a centerline computed for the
least narrow phantom (21 mm radius) rendered as grey,
compared with path used for generating the phantom (white)
(32D), wherein displacement is large for some areas because
the phantom is so wide, and thus the natural central path has
changed;
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[0158] FIGS. 33A and 33b show a perspective rendering
of the colonic lumen with computer-generated centerline
(33A); and a perspective rendering of the displacement at
each location in 3-D between the human-and computer
generated centerlines (33B);

[0159] FIG. 34 illustrates the steps in a method of dis-
playing volumetric image data of a target organ using a
colormap according to the present invention; and

[0160] FIG. 35 illustrates a system for displaying volu-
metric image data of a target organ using a colormap
according to the present invention.

DETAILED DESCRIPTION OF THE
PREFERRED EMBODIMENTS

[0161] The description of the present invention includes a
written description of: (1) visualization of the colon by
shape-scale signatures; (2) computation of the colon center-
line in CT colonography; and (3) detection of colorectal
masses in CT colonography based on fuzzy merging and
wall-thickening analysis.

[0162]
natures

I. Visualization of the Colon by Shape-Scale Sig-

[0163] Tocal Shape Index and Curvedness

[0164] The local shape index and curvedness measure the
shape characteristics of a local surface patch at a point, and
they form the basis for defining the shape-scale spectrum
which is described in the next section. Both quantities are
defined based on the notion of the principal curvature. A
traditional approach for computing the principal curvatures
of 3-D data is to fit a parametric surface to the data and
compute its differential characteristics in a local coordinate
system [24]. However, parameterization of surfaces with a
complex topology is complicated, and curvature information
is often needed before these surfaces are generated. There-
fore, the differential characteristics of the iso-surfaces were
computed directly from the 3-D data volume, without
extraction of any surfaces, based on an implicit representa-
tion of the iso-surface [25,26]. That is, the differential
characteristics are computed locally at each voxel by use of
the differentials of the volume in three directions. The
interpretation is that the computed differential characteris-
tics at voxel p correspond to the differential characteristics
of the iso-surface passing through p. The definition and the
computational method of the local shape index and the
curvedness are described briefly in the following.

[0165] Let h(p) denote a voxel value (typically, the CT
value) at a voxel p=(x,y,Z)EIR>. A 3-D iso-surface P at a
level a is given by

P={p=(xy,2)EIR*h(p)=a}.

[0166] To obtain an infinitely differentiable 3-D function,
the volume is convolved with a Gaussian filter. The implicit-
function theorem indicates that, at each voxel p, there exists
a small neighborhood U of p in which z can be expressed by
a smooth function ¢ of x and y. By denoting (X, y) with (u,
v) in this neighborhood, the iso-surface P can be represented
in a parametric 2-D form as

P={(V)EIR ;11 v.p(u,V))=a}.
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[0167] The principal curvatures are obtained as the eigen-
values of the following matrix [27], called the Weingarten
endomorphism:

E FOYY L M@ 8]

(-6 ) G )
1 GL—FM GM —FN

:m(EM—FL EN—FM]'

[0168] Here, E, F, and G are the first fundamental forms
[27] defined at a voxel p as

E=P,P,, F=PP,, G=P P, )

[0169] where P, and P, are the partial derivatives of P in
terms of u and v at p, respectively. In the following, a suffix
of u, v, X, y, or z indicates the partial derivative in terms of
these variables, and all of the quantities are defined on a
single voxel p unless mentioned otherwise. L, M, and N are
the second fundamental forms [27] defined as

L=PyyQ, M=P,,;"Q, N=P-Q, ©)

[0170] where Q is a normal vector to the iso-surface P
defined by Q=P,"P..

[0171] To calculate the principal curvatures, the implicit
differentiation and the chain rule is used to obtain P =9P/
du=(1,0,d¢/du)=(1,0,b_/h,). Substituting similar expressions
forP,,P,,, P, and P_, in Egs. (3)«(7), one can compute the
determinant of the matrix W, called the Gaussian curvature,
K, and half of the trace of W, called the mean curvature, H,

as follows:

LN - M?
K=de(W)y= —— =
EG - F?

1
— Z R i — hﬁ) + 20k (i hyj — i)Y,

[ZIE
(i,jk)=Perm(x,y.2)
= Lsaceqyy o ENZ2FM 4 GL
= R Ee -y T
1 2
(AP A=h (b + Pyg) + 2l b

(i, jk)=Permix,y,z)

[0172] Here, Perm(x, v, z) denotes a permutation of (X, ¥,
z), ie., Perm(x,y,2)={(x,y,2)(¥,2,X),(z,x,y)}. Because the
principal curvatures Kk, and k, are the eigenvalues of the
Weingarten endomorphism of Eq. (3), the Gaussian curva-
ture and the mean curvature can also be defined by [28]

K+ <y @)

K= ,H=
K1K2 5

[0173] From Egq. (4), it is easy to derive that the principal
curvatures at the voxel p can be expressed as

Ki(p)=H(p)=V H(p)-K(p), i=1,2.
[0174] Let us denote k_, =min{Kk;Kk,} and k___=max{x;,
K,}. Then the local shape index S(p) and the local curved-
ness C(p) at the voxel p are defined as [29]
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Kmax (P) + Kmin (P) 5)
Kmax (P) = Kmin (P)”

2 6
Clp) = ;ln\/ (Kmin (P + Kmax (P)?) /2. ©

S = 2 1:
(p) =~ -arctan

[0175] The local shape index measures the shape of a local
iso-surface patch at a voxel. Every distinct shape corre-
sponds to a unique value of the shape index with a value
range of [-1,1] (FIG. 2). Because the transition from one
shape to another occurs continuously, the shape index can
describe subtle shape wvariations effectively. The local
curvedness is a measure of the size or scale of the shape and
represents how gently curved the iso-surface is. The dimen-
sion of the curvedness is that of the reciprocal of length, and
its range is J-o0,00[. Curvedness is a “dual” feature of the
shape index in that the shape index measures “which” shape
the local neighborhood of a voxel has, whereas the curved-
ness measures “how much” of the shape the neighborhood
includes. A small value of curvedness implies a smooth
surface patch, whereas a large value implies a very sharp
knife-like surface patch.

[0176] The idea of determining the local shape and its
“scale” at each voxel is somewhat similar to multi-scale
methods, where an input signal (e.g., image data) is typically
divided into multiple new signals, each representing the
original signal at a unique scale [30,31,32]. The original
signal may then be studied and manipulated independently
at various scales. However, it is sometimes challenging to
establish a useful relationship between the various scale
representations of the same signal. In contrast, the local
shape index and the curvedness capture the intuitive notion
of the local shape of an iso-surface at a voxel, and provide
an efficient representation of the colonic surface for our
application.

[0177] The Shape-Scale Spectrum

[0178] The local shape index and curvedness value pair
(S(p), C(p)) of each voxel p of a 3-D data set, defined by Egs.
(5) and (6), can be used for constructing a mapping from the
voxels of the data set to a Cartesian plane called the
shape-scale spectrum (FIG. 3) [29]. When (S(p), C(p)) are
mapped into the shape-scale spectrum, the lesions that can
be differentiated from each other based on their shape or
scale are represented by unique patterns. Here, one can call
such patterns shape-scale signatures. When each shape-scale
signature is marked with a unique color, one obtains a 2-D
color map that can be used for coloring 3-D data sets for an
effective visual differentiation of the lesions of interest.

[0179] The differentiation of colonic polyps, diverticula,
folds, and the colonic wall was examined. Each of these
lesions has some unique characteristics. Polyps are generally
bulbous, locally cap-like structures that adhere to the colonic
wall or to a fold. Diverticula are small, cup-like structures
within the colonic wall. Folds are elongated, ridge-like
structures that arise from the colonic wall. The underlying
colonic wall can be characterized as a rut-like spinode. The
shape index values of these lesions are ideally S=1 for
polyps, S=-1.0 for diverticula, S=0.5 for folds, and S=~-0.5
for the colonic wall. The curvature values are expected to be
high for polyps and diverticula, relatively low for the colonic
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wall, and moderately high for folds. The highest values of
curvedness do not occur in CTC data because of the lack of
sharp biological objects and the smoothing effects of the
CTC image formation process.

[0180] Generation of Shape-Scale Signatures

[0181] There are two methods for generating shape-scale
signatures of the colonic lesions of interest. The first method
derives the signatures from computer-detected lesions in real
clinical data, and the second method derives the signatures
from computer-simulated lesions that imitate the shape of
the lesions of interest. Real clinical data are expected to
produce more realistic shape-scale signatures than do those
generated by computer-simulated lesions; however, obtain-
ing relevant clinical data is complicated. On the other hand,
the development and evaluation of realistic computer-simu-
lated phantoms can be challenging, but their shape-scale
signatures can be obtained accurately because the regions of
the simulated lesions are known precisely. If the computer-
simulated lesions are sufficiently realistic, they may also be
used for testing the effect of a color map on the coloring of
colonic structures, and several different examples of a lesion
can be simulated with ease by appropriate variation of the
simulation parameters.

[0182] Use of Clinical Data

[0183] The clinical data used in this study were obtained
from the CTC examinations performed during 1997-2001 at
the University of Chicago Hospitals. Each patient underwent
standard pre-colonoscopy cleansing, and the colon was
insufflated with room air. The CTC scanning was performed
with a helical CT scanner (GE 9800 CTi or LightSpeed
QX/i; GE Medical Systems, Milwaukee, Wis.) in the supine
and prone positions. The collimation was 2.5-5.0 mm, the
pitch was 1.5-1.7, the reconstruction interval was 1.5-2.5
mm, the current was 60-100 mA with 120 kVp, and the
matrix size of the axial images was 512x512, with a spatial
resolution of 0.5-0.9 mm per pixel. Optical colonoscopy was
performed on the same day as the CTC, and radiologists
confirmed the presence and location of polyps and diver-
ticula in the CTC data sets by use of colonoscopy reports,
pathology reports, and a GE Advantage Windows worksta-
tion (GE Medical Systems, Milwaukee, Wis.). Fourteen
patients had a total of 21 colonoscopy-confirmed polyps; 20
polyps were 5-12 mm, and one was 25 mm in diameter.

[0184] To determine the shape-scale signatures of actual
colonic lesions, four CTC data sets which contained pedun-
culated polyps, sessile polyps, and dozens of diverticula
were selected. The polyps were detected by use of our
previously developed fully automated CAD scheme for the
detection of polyps from CTC data sets, which is described
briefly below. Diverticula were detected by use of a new
method. Folds were sampled from among false-positive
detections as described below.

[0185] The CAD scheme for the detection of polyps has
been described in detail elsewhere [33,34,35]. Briefly, each
input data set is interpolated linearly in the axial direction so
that isotropic volumes are obtained, and the region of the
colonic wall is extracted by use of a knowledge-guided
segmentation method [36]. The polyp-like regions are
detected based on the shape index and curvature features
with hysteresis thresholding, and extracted by use of con-
ditional morphological dilation [35]. The latter extraction
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step ensures that the shape-scale signatures of the detected
polyp candidates are those of their visually perceived
regions rather than those within the range of the predeter-
mined shape index and curvature values for initial detection.
FIG. 4A shows an example of a computer-detected polyp. In
this study, the final step of the CAD scheme, which is the
reduction of false positives, was not performed because this
would have eliminated most detections of folds. Instead, 10
examples of polyps and 10 examples of folds were manually
selected from among the initial set of the computer-detected
polyp candidates.

[0186] Because the CAD scheme described above was
designed to detect only polyps, it was necessary to develop
a separate method for the detection of diverticula. Because
the cup-like diverticula are opposite in shape to the cap-like
polyps, the diverticula can be detected similarly to polyps,
but by mirroring the values of the shape index used to search
for suspicious regions. That is, whereas polyps are detected
by searching for shape index values S=~1, diverticula can be
detected by searching for shape index values S=-1 within
the colonic wall. The curvedness values of diverticula are
similar to those of polyps, although diverticula are expected
to have a narrower range of curvedness values than do
polyps. To extract the region of a detected single diverticu-
lum, the detected region is expanded by morphological
dilation with a spherical kernel. The size of the dilation
kernel depends on the size of the detected region: large
regions are dilated with a larger kernel than that used for
small regions.

[0187] To reduce false-positive detections of diverticula,
all air voxels were thresholds within the colon (CT value<—
700 HU). Then, a morphological opening of 2.5 mm was
applied to the thresholded region. Only the voxels within the
detected diverticula that were not part of the air region were
retained. Finally, the remaining detections that were smaller
than 5 mm or larger than 10 mm were eliminated. FIG. 4B
shows examples of computer-detected diverticula.

[0188] 1t should be noted that a detailed quantitative
analysis of the performance of this detection method was not
performed; instead, the detected regions were inspected
visually. The visual assessment indicates that the method
detected all of the visible diverticula, although it detected
some false positives due to cup-like regions appearing at
bases between folds which connect smoothly to the under-
lying colonic wall. These regions remained false positives
because of the relative simplicity of the false-positive reduc-
tion method described above. Therefore, a more elaborate
method would be required to achieve a clinically acceptable
performance, which is left for a future study. Nevertheless,
highlighting both true- and false-positive diverticula is
important for the purposes of the visualization scheme
presented in this study, because both types of detections are
very different in shape from polyps, and thus they are useful
for indicating regions that are unlikely polyps. For generat-
ing shape-scale signatures, it sufficed to select manually 10
examples of computer-detected diverticula.

[0189] Use of Computer-Simulated Lesions

[0190] The computer-simulated lesions were generated in
a 384x384x512 volume. The isotropic voxel resolution of
the volume was assumed to be 0.7 mm, which is the average
image resolution in our clinical CTC database. The approxi-
mate range of the shapes and sizes of the simulated polyps,
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diverticula, and folds were determined based on actual
lesions in the 14 cases containing polyps in the CTC
database.

[0191] The colonic lumen was simulated by a cylinder
1.5-7.0 cm in diameter. The surface of the cylinder repre-
sented the surface of the colonic wall and was assigned the
default background color. Folds were simulated by place-
ment of several overlapping solid spheres or ellipsoids along
the boundary of the simulated colonic wall in the axial plane.
Seven thick spherical folds and 7 thin ellipsoid folds with
diameters of 3.5-21.0 mm were simulated. Sessile polyps
were simulated by placement of the center of a solid sphere
or ellipsoid at the boundary of the colonic wall, and pedun-
culated polyps were simulated by placement of the whole
sphere or ellipsoid on the boundary of the colonic wall. In
each case, 7 polyps with diameters of 2.8-21.0 mm were
simulated, resulting in a total of 28 simulated polyps. A
diverticulum was simulated by placing of a zero-valued
sphere or ellipsoid at the boundary of the colonic wall to
generate a “hole” that represents the diverticulum. Seven
spherical and 7 ellipsoid diverticula with diameters of 2.8-
7.0 mm were simulated. To simulate the blurring of the
clinical data acquired with a CT scanner, we applied a
Gaussian smoothing filter with 0=2.0 to the volume. The
smoothing also reduces the artificially sharp edges that could
appear within the simulated objects. FIGS. 5A-5D show
endoscopic views of the simulated lesions.

[0192] FIGS. 6A and 6B shows two shape-scale spectra.
The spectra show in FIG. 6A was calculated from the
computer-simulated lesions, and the spectra shown in FIG.
6B was calculated from a clinical 3-D dataset. The shape-
scale spectrum of the computer-simulated lesions has two
sharp peaks in the high end of the curvature values, indi-
cating the presence of rut- or ridge-like structures. These
patterns are less evident in the shape-scale spectrum of the
clinical data set, indicating that the actual colonic lesions
may be smoother than some structures in the simulated data.
The shape-scale spectrum of the clinical data appears to be
dominated by the normal colonic structures, such as folds
and the colonic mucosa, over those of the few polyps and
diverticula.

[0193] The Shape-Scale Color Map: Characteristic Signa-
ture and Color Interpolation

[0194] In practice, for obtaining 2-D color maps, the
original shape-scale signatures may not be appropriate for
the coloring of the shape-scale spectrum. This is because the
shapes and scales of the different types of lesions may share
common elements, and thus the shape-scale signatures of the
different types of lesions may overlap.

[0195] To determine representative, but non-overlapping
shape-scale regions for each type of lesion for use in the
generation of color maps, the characteristic signature S; of
the shape-scale signature for each lesion type i is deter-
mined. A characteristic signature is a subregion of the
shape-scale signature that contains the most frequently
occurring combinations of the local shape index and the
curvedness values for the type of lesion that the shape-scale
signature represents. Once the characteristic signature has
been determined, it is assigned the unique color 1; that was
chosen to represent lesions of type i. The points on the
shape-scale spectrum that are not colored in this manner are
assigned a default background color. On the other hand, the
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points in the transition region between a characteristic
signature and the background region are colored by use of
color interpolation, as described below.

[0196] Let (I%,I,I°) represent the components of the color
assigned to the characteristic signature S;. Although these
could be the red, green, and blue components of the RGB
color space, the use of the RGB space in color interpolation
may result in false colors. For a precise result, the color
interpolation was performed in the YC,C, (YUV) [37,17]
rather than the RGB color space.

[0197] Let Dy(c,s) denote the shortest Euclidean distance
between the boundary of the characteristic signature S; and
a point (c,s) outside S; in the shape-scale spectrum. Then,
each color component thcalCi(c,s) (j=1,2,3) of the color at
(c,s) is calculated as

R €]
R > Dule, 5) = Dyc, 5)
m=1

) ) 14
Ci(c,s)=B/ + = X
z | k,T2D,(c, 5)* R
n=1 2. Dule, s)
m=1

[0198] where R is the number of the different types of
lesions to be differentiated by the coloring scheme, B is the
magnitude of the color component C’ in the color assigned
to the background, k, is the sharpness parameter for the
color of the lesion of type 1, and T is a subsampling factor.
The background is considered as an undefined lesion not in
i=1, ... ,R. The sharpness parameter controls the boundary
profile of the characteristic signature S;: high values of k,
produce sharp boundaries, and low values produce smooth
boundaries.

[0199] Subsampling of the shape-scale signatures occurs
when T>1 (T is set to 1 if no subsampling is desired), and
can be used to limit the size of the color lookup table for
faster processing. For example, if the shape index and
curvedness values are represented by 1,000 entries, the
resulting 2-D color lookup table would have 1,000,000
entries. For a setting of T=6, only 27,778 entries would be
needed.

[0200] The color interpolation scheme provides an effec-
tive parameterization of the color map construction, and it
can also be used for controlling the overlap between the
shape-scale signatures. The important parameters are the
sharpness parameters of the characteristic signatures and the
set of the unique colors assigned to the characteristic sig-
natures. The effects of these parameters are described below.

[0201] To implement the color map scheme, the occur-
rence frequencies of the local shape index and curvedness
values within the shape-scale spectrum were first scaled
linearly to [0,255] for each lesion type i. Then, to obtain the
characteristic signature, each shape-scale signature was
thresholded at the level of 84 (33% of maximum value). To
limit the size of the color lookup table, the 2-D color map
was subsampled by setting of the subsampling factor to T=6
in Eq. (7).

[0202] Shape-Scale Color Map: Coloring of Colon

[0203] FIG. 7 shows three methods of coloring of the
colon by use of the shape-scale color maps. In the first
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method, the characteristic signatures from the computer-
simulated lesions were derived. In the second method, the
signatures were derived from the lesions detected and
extracted by the computer from clinical data. In both of these
methods, the shape-scale color map was obtained as
described above, and then it was applied to CTC cases by
assigning each voxel p the color that appears at the location
indicated by the shape index and curvedness values S(p) and

).

[0204] In the third method, called the hybrid shape-scale
coloring method, the shape-scale color map information is
combined with the output of our CAD scheme. Although the
coloring of the colon by the first two methods enhances the
lesions of interest, it is based only on the shape or scale of
the lesions. Thus, false positives, such as stool that have a
polyp-like shape, may be color-enhanced as well. However,
our CAD scheme for polyp detection includes an effective
method for the elimination of false-positive detections by an
analysis of, for example, the internal texture of the polyp
candidates [35]. As a result, the scheme generates only a
few, if any, false-positive polyp detections for a given data
set. Thus, in the third shape-scale coloring method, we first
color the colon by use of either of the first two coloring
methods. Next, the regions extracted by the CAD scheme,
such as polyps or diverticula, are colored with pre-specified
colors. The resulting coloring of the colon is expected to
delineate the lesions of interest more precisely than does the
application of the first two coloring methods.

[0205] FIG. 34 illustrates the steps in a method of dis-
playing volumetric image data of a target organ as a visual
aid in detecting at least one abnormality in the target organ.

[0206] In step 3401, a colormap is determined by assign-
ing a color to each possible combination of the at least two
geometric feature values. The geometric feature values are,
e.g., the shape index and the curvedness index, which can be
computed at each voxel in a three-dimensional data set. As
described above, each assigned color corresponds to a
different region type (e.g., polyps) within the target organ.

[0207] In step 3402, the volumetric image data of the
target organ is obtained. The three-dimensional volumetric
image data includes a plurality of voxels having a respective
plurality of image data values.

[0208] In step 3403, at least two geometric feature values
at each voxel in the plurality of voxels are determined based
on the plurality of image data values. For example, the shape
index and the curvedness index are calculated at each voxel
defining the volumetric image data.

[0209] In step 3404, a display color for each voxel in the
plurality of voxels is determined based on the determined
colormap.

[0210] Finally, in step 3405, a color image representing
the volumetric image data of the target organ is displayed
based on the determined display color for each voxel in the
plurality of voxels. As described above, a radiologist can use
the color image to identify abnormalities in the target organ.
Moreover, a CAD method may be used to identify abnor-
malities in the target organ, which are then displayed in a
predetermined color.

[0211] FIG. 35 illustrates a system for displaying volu-
metric image data of a target organ as a visual aid in
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detecting at least one abnormality in the target organ. The
volumetric image data acquisition unit 3520 is configured to
obtain volumetric image data, which may be stored in organ
images database 3501. The source for the volumetric image
data, which may be obtained from cross-sectional image
data, may be any appropriate image acquisition device such
as an X ray machine, CT apparatus, and MRI apparatus.
Further, the acquired data may be digitized if not already in
digital form. Alternatively, the source of image data being
obtained and processed may be a memory storing data
produced by an image acquisition device, and the memory
may be local or remote, in which case a data communication
network, such as PACS (Picture Archiving Computer Sys-
tem), can be used to access the image data for processing
according to the present invention.

[0212] The image segmentation unit 3530 is configured to
extract a set of voxels from the total scanned volume,
forming a database of voxels representing the segmented
target organ, which is stored in the segmented organ data-
base 3502. Abnormalities may be detected using the seg-
mented image data of the target organ by the abnormality
detection unit 3540 based on features of the image data
determined by the feature calculation unit 3550. Data
regarding the abnormalities may be stored in the detected
abnormalities database 3503.

[0213] The feature calculation unit 3550 also calculates
the shape index and the curvedness index at each voxel in
the volumetric image data. The colormap determining unit
3520 assigns a color to each combination of the at least two
geometric feature values (e.g., shape index and curvedness)
calculated by the feature calculation unit 3550, as described
above. The color assigning unit 3560 uses the colormap
determined by the colormap determining unit 3520 to assign
a color to each voxel in the volumetric image data. The
display unit 3570 is configured to display a color image of
the volumetric image data according to the colors assigned
by the color assigning unit 3560.

[0214] CAD Workstation for Polyp Detection

[0215] To examine the effect of the shape-scale color maps
in the coloring of CTC data sets, the color map scheme was
implemented in a CAD workstation for the detection of
polyps in CTC (FIG. 8). The CAD workstation takes the CT
images of a CTC examination as input, reconstructs a 3-D
isotropic volumetric data set from the images, and performs
an automated detection of the colonic polyps [33,35] on the
volume.

[0216] The workstation displays the reconstructed volu-
metric data sets with two types of display modes: 2-D
multiplanar reformatted (MPR) views including three views
perpendicular to the axial, coronal, and sagittal planes of the
volumetric data, and a 3-D endoscopic view that displays the
colonic lumen with a perspective view. The users can
examine the data set by scrolling through the images in the
MPR views, by zooming into regions of interest, by manipu-
lating the grey-scale display range, and by adjusting the 3-D
view at will. The output of the detection of polyps is
provided as a list of suspicious locations in a window next
to the MPR views. By clicking on the list, the user can view
the location of a suspected polyp on the MPR and the 3-D
views.

[0217] The workstation provides these display modes with
a grey-scale mode as well as with a color mode that is based
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on a shape-scale color map scheme. When the latter is
selected, all of the visible region in the 3-D endoscopic view
is colored based on the shape-scale color map, whereas in
the MPR views, only the region corresponding to the colonic
wall is colored with the color map.

[0218] Evaluation Method

[0219] The effect of the shape-scale coloring scheme was
evaluated in two steps. In the first step, the computer-
simulated lesions and 14 clinical data sets containing polyps
were colored with the application of the shape-scale color
maps. Several versions of the color maps were generated by
adjustment of the color map parameters (i.e., the sharpness
parameters and the color assignment). The effect of the color
map parameters and the enhancement of the specified
colonic lesions were examined visually with the CAD
workstation.

[0220] In the second step of the evaluation, an observer
study was performed to examine the effect of the hybrid
shape-scale coloring method in the detection of colonic
polyps in CTC. In this study, 20 CTC cases collected as
described above were used. For each patient, either the
supine or the prone data set was used. There were 10
abnormal data sets containing 11 polyps of 5-12 mm, and 10
normal data sets with no polyps. The detection performance
of the computerized detection scheme was set to a by-polyp
sensitivity of 92% with 1.0 false-positive detections per data
set on average. The shape-scale color map was constructed
by use of a high value of the sharpness parameter (k =0.5).
Folds were assigned a pink color, and the background was
assigned a dark red color. The regions detected by the CAD
scheme were colored green.

[0221] Three radiologists examined the data sets by use of
the CAD workstation. Observer 1 was a radiologist experi-
enced in the interpretation of CTC data sets, observer 2 was
a radiologist not experienced with CTC, and observer 3 was
a gastroenterologist. A sequential test was used, in which an
observer first reads a data set without the use of the color
map, and rates the confidence level regarding the presence
of at least one polyp =5 mm on a 0-100% scale. Next, the
colon is colored by the hybrid shape-scale color map, and
the observer rates the confidence level again. After the
observers had examined all data sets in this manner, receiver
operating characteristic (ROC) analysis [38] was used to
compare the observers’ performance in the detection of
polyps without and with the coloring scheme. For each
observer, a binormal ROC curve was fitted to the confidence
rating data of each observer by the use of maximum likeli-
hood estimation. APROPROC program was used for obtain-
ing a maximum likelihood estimate of “proper” binormal
ROC curves from the continuous ordinal-scale rating data.
The difference in the observers’ performance between the
first and the second confidence ratings was characterized by
use of A,, the area under the best-fit binormal ROC curve,
when the curve is plotted on a unit square. Generally, the
larger the A, value (0.0=A,=1.0), the higher the perfor-
mance. The statistical difference in the observer perfor-
mance between the monochromatic and hybrid shape-scale
colorings was evaluated by use of the two-tailed t-test to the
pair of the A, values.

[0222] Visual Effect of Shape-Scale Color Maps

[0223] FIGS. 9A-91I show examples of the shape-scale
color maps. The vertical and horizontal axes represent the
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shape index and curvedness, respectively. The color maps of
FIGS. 9A-9F were generated by use of the computer-
simulated lesions. In FIGS. 9A-9D, the polyp signature was
colored blue, the fold signature was colored green, the
signature of diverticula was colored red, and the background
was colored grey. The color maps of FIGS. 9A-9C demon-
strate the effect of the sharpness parameter k;, in Eq. (7). In
FIG. 9A, a low value of k =0.02 was used, and thus the
boundaries of the shape-scale signatures are blurred. In FIG.
9B, the boundaries are moderately blurred; and in FIG. 9C,
a moderately high value of k_=0.25 results in moderately
sharp boundaries. The color map of FIG. 9D demonstrates
the appearance of a set of modestly saturated colors. The
color maps of FIGS. 9D and 9E are similar to color map of
FIG. 9B, except that different sets of colors are used. In the
color map of FIG. 9E, polyps are colored red, folds are
colored blue, and diverticula are colored green. The color
map of FIG. 9F uses a combination of green, brown, and
pink colors with a red background. The color maps of FIGS.
9G and 9H were generated by use of clinical data. The
polyps are colored red and the diverticula are colored blue.
In FIG. 9G, only the computer-detected polyps and diver-
ticula were used for constructing the color map with a high
value of the sharpness parameter (k,=1.0) for both lesion
signatures. In FIG. 9H, folds were assigned a green color
with a moderately smooth boundary (k,=0.05), and the
polyps and diverticula had a sharp boundary (k,=1.0). The
smooth boundary of the fold signature produces an overlap
between the fold and polyp regions, which is colored yellow
because of the color interpolation. Therefore, the colonic
regions that are reminiscent of both polyps and folds will be
colored yellow. This is the shape-scale region that is
expected to produce most false-positive polyp detections
due to folds. The color map of FIG. 91 was generated from
the signature of the computer-simulated colonic wall with a
smooth boundary for use with the hybrid coloring scheme.
The colonic wall and diverticula are colored dark red, and
the other structures are colored pink. In this case, the final
coloring of the colon is obtained by coloring of the com-
puter-detected lesions.

[0224] FIGS. 10A-10D show examples of the coloring of
the computer-simulated lesions by use of the color map of
FIG. 9B. In each figure, a cut-plane view of the surface
region of the simulated colonic wall is shown to the left of
the endoscopic 3-D view. As expected, the simulated folds
are colored green, polyps are colored blue, and diverticula
are colored red. The sessile polyps and diverticula also have
a surrounding green ring at the periphery where they merge
to the colonic wall, because that region is locally similar to
a rut-like spinode.

[0225] FIG. 11A shows a standard endoscopic grey-scale
view of a polyp in a clinical CTC data set, and FIGS.
11B-11D show the view of FIG. 11A after the application of
shape-scale color maps based on computer-simulated
lesions. In FIG. 11B, the colon was colored by use of the
color map of FIG. 9B. In FIG. 11C, the colon was colored
by use of the color map of FIG. 9E. In FIG. 11D, the color
map of FIG. 9D with modestly saturated colors was used,
but the color assignment was the same as that used in FIG.
11C.

[0226] FIG. 12A shows an endoscopic grey-scale view
with polyps and diverticula, and FIGS. 12B-12D show the
view of FIG. 12A after the application of shape-scale color
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maps based on clinical data. In FIG. 12B, the color map of
FIG. 9G, which was generated with a high value of the
sharpness parameter (k,=1.0) was applied. The polyp and
diverticula are colored red and blue, respectively. Other
colonic structures are colored grey, but the regions similar to
polyps or diverticula are associated with shades of red or
blue. In FIG. 12C, the color map was constructed similarly
to FIG. 12B, except that a low value of the sharpness
parameter (k_=0.1) was used for diverticula. Thus, concave
structures are colored blue more aggressively than in FIG.
12B. In FIG. 12D, the color map of FIG. 9H was applied.
The mixing of red (polyp-like) and yellow (polyp- and
fold-like) colors within the polyp gives it a unique appear-
ance. The green color indicates regions that are associated
only with folds.

[0227] FIGS. 13A and 13B shows two examples of the
application of a hybrid shape-scale color map based on the
color map of FIG. 91 and the computer-detected regions.
Folds are colored pink, and the background is colored dark
red. In FIG. 13A, the computed-detected polyps are colored
green. In FIG. 13B, the computer-detected polyps and
diverticula are colored green and blue, respectively.

[0228] Observer Study

[0229] The results of the observer performance in the
detection of polyps are shown by ROC curves in FIG. 14.
The performance of each observer without the use of the
shape-scale coloring is shown by a thick curve, and the
performance of the observers with the use of the coloring is
shown by a thin curve. The improvement in the observer
performance yielded by the use of the shape-scale color map
is demonstrated by the improved ROC curve for each
observer. This improvement is also demonstrated in FIG.
15, in which each bar represents an area under the ROC
curve (A,) For each observer, the black bar shows the
observer performance with monochromatic coloring of the
colon, and the grey bar shows the performance when the
colon was colored by use of the hybrid shape-scale color
map.

[0230] The results indicate that the detection performance
of all observers increased when the colon was colored by the
hybrid color map. The two-tailed t-test for paired data
showed that the difference of the A, values between the
monochromatic and hybrid shape-scale coloring was statis-
tically significant (p=0.027), which confirms the usefulness
of this color map. The increment was smallest for the expert
radiologist (observer 1). However, the performance of the
two other, inexperienced observers increased substantially
and reached approximately the performance level of the
expert.

[0231] The visual evaluation of the application of shape-
scale color maps indicates that, as expected, colonic struc-
tures are enhanced in the colored colon. The overall per-
ception and visibility of the lesions can be adjusted by the
choice of colors. For example, the preciseness of the color-
ing can be adjusted by the sharpness parameter k. A low
value of k, spreads the color of lesion type i over a wider
range of shapes and sizes than does a high value of k that
tends to color only the most typical instances of the target
lesion. The shape-scale signatures from clinical data and
computer-simulated data were rather similar, and the use of
a low sharpness value will further increase their similarity.

[0232] The hybrid shape-scale color map construction
yielded the most precise delineation of the target lesions.
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However, errors such as false-positive detections or incor-
rect segmentations of the detected lesions will show up
clearly in the coloring of the colon by this approach, and
false-negative detections might be colored as background if
the choice of the colors is appropriate. Incorporation of the
CAD data also makes this method slower than the two other
methods. The observer study was also limited in the sense
that only the presence of polyps in the colon was considered.
The hybrid color map method appears to be the most
effective approach for this purpose because the coloring of
the polyps is clear and simple to interpret. On the other hand,
the other color map methods may be useful for providing
more versatile and rich representations of the information on
colonic lumen, thereby potentially enhancing the analysis of
the colon. However, an extended training period for radi-
ologists may be required to efficiently interpret such visu-
alizations of the colon. The analysis of the clinical benefits
of the more complicated color map representations is a topic
for a future study.

[0233] The results of the observer performance study must
be considered preliminary because of the small number of
observers (3) and data sets (20). Nevertheless, the results are
similar to those obtained previously in the evaluation of
CAD schemes for breast and chest imaging: the performance
of a radiologist is increased when a computer aid is used, and
the performance of non-experienced readers may be
improved to the level of expert readers [39,40]. Therefore,
one can expect similar performance results with this method
when a larger database and a larger number of observers are
employed. The use of the scheme has also other potential
benefits that were not addressed directly by the study. If the
color map visualization is available as soon as a CTC case
has been loaded, the radiologist may be able to find the
polyps faster than with the use of the standard screening
schemes. Also, the color map visualization may boost radi-
ologist’s confidence in the diagnosis, thereby allowing the
radiologist to screen CTC cases faster than with standard
methods in which the visual representation of the colon can
be more ambiguous.

[0234] Compared with previous work in which fully auto-
mated methods for the detection of polyps in CTC were
developed, the present invention is unique because it focuses
on the visualization of the colon for radiologists. Various
visualization schemes are presented that can be used to color
lesions of interest in the colonic lumen based on a systematic
method. The required color maps may be prepared by use of
either simulated or actual lesions, and the output of the CAD
scheme can be incorporated into the visualization scheme by
use of the hybrid coloring method. Unlike in previous
studies, an observer study was provided to evaluate the
effect of the coloring schemes in polyp detection by radi-
ologists.

[0235] Flat lesions were not included in the study because
the clinical database did not contain such lesions. However,
although flat lesions hardly protrude from the colonic wall,
they are still expected to have the local cap-like shape of a
polyp, and the curvedness values of flat lesions are expected
to be lower than those of typical polyps. Because the region
that corresponds to flat lesions in the shape-scale spectrum
is not expected to have a significant overlap with the other
colonic non-polypoid lesions, the visualization of flat lesions
may be implemented simply by an adjustment of the curved-
ness range of the polyp signatures.
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[0236] A new visualization method for a rapid examina-
tion of the colon by use of virtual endoscopy was developed.
The colonic structures of interest are detected and colored
based on their characteristic signature patterns in the shape-
scale spectrum. The method was evaluated by use of com-
puter-simulated lesions, clinical CTC data sets, and an
observer study. The results of the visual examination indi-
cate that shape-scale color maps can be used for enhancing
the visibility and conspicuity of the target lesions. The
results of the observer study indicate that the performance of
readers not experienced in the detection of polyps in CTC
can be improved substantially by use of the hybrid shape-
scale color map scheme. Combined with our CAD work-
station for the detection of colonic polyps, the visualization
scheme is expected to reduce radiologists’ interpretation
time and to improve the diagnostic performance of the
detection of colonic neoplasms in CT colonography.

[0237] The present method of shape-scale signatures can
also be implemented more generally by one of ordinary skill
in the art for the detection of other abnormalities of other
organs. In particular, the present method is applicable to any
type of convex (peak-like) or concave (pit-like) abnormali-
ties in N dimensions (N>1). Thus, an embodiment of the
present method can be readily applied to 2D/3D aneurysms,
embolisms, solid lung cancer (especially those that stick on
the chest wall), solid stomach cancer, etc.

[0238] II. Computation of Colon Centerline in CT
Colonography

[0239] According to the present invention, there is pro-
vided a method for the computation of a colon centerline that
is faster than any of the centerline algorithms previously
presented and that relies less than other algorithms on
complete colon-segments identification. The method first
extracts local maxima in a distance map of a segmented
colonic lumen. The maxima are considered to be nodes in a
set of graphs, and are iteratively linked together, based on a
set of connection criteria, giving a minimum distance span-
ning tree. The connection criteria are computed from the
distance from object boundary, the Euclidean distance
between nodes and the voxel values on the pathway between
pairs of nodes. After the last iteration, redundant branches
are removed and end segments are recovered for each
remaining graph. A subset of the initial maxima is used for
distinguishing between the colon and non-colonic centerline
segments among the set of graphs, giving the final centerline
representation.

[0240] Detection of Local Maxima in DM

[0241] Given a DM of the segmented colonic lumen
(air-filled region), a subset that consists of the local 6- and
4-neighborhood maxima within the DM is extracted. The
size of a maximum is defined to be its DM voxel value, and
the position is defined to be its voxel coordinates. Here, a
6-neighbor maximum is defined as a voxel v, , within the
DM at which all six neighborhood voxels (V.. ;> Vi yu1 1
V. y.+1) have a value smaller than that of the voxel. It can be
interpreted as the center of the locally largest sphere fully
enclosed by the object. A 4-neighbor maximum is a voxel
Vy y-in the DM at which all neighboring voxels in two of the
three 6-neighbor directions have a value smaller than that of
the voxel (i€, Vot o Vi yut o OF Vawt oo Vie o OT Vi oy s
Vo yze1)- A 4-neighbor maximum can be interpreted as the
center of the locally largest cylindrical structure that is fully
enclosed by the object.
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[0242] A point at the center of a segment of the colon
usually has a fully enclosed, locally largest, sphere due to the
folds within the colon, or a locally largest fully enclosed
cylindrical structure due to the cylindrical shape of the
colon. Therefore, a good representation of a centerline can
be found by extraction of the 6- and 4-neighborhood
maxima. Our algorithm uses a subset of these maxima as
input. The subset, M, is chosen so that, for every maximum
M, in M, there is no other maximum in M that has a distance
to M; less than the size of M; scaled by a constant (i.e., the
seedscalefactor or regularscalefactor, see Section III).

[0243] Seedpoint Extraction

[0244] Among the set M of maxima, we select an initial
set, Mg, of maxima in M consisting of 6-neighbor maxima
with sizes larger than a user-defined minimum-size thresh-
old value (i.e., minseedsize, see Section IIT). Mg will serve
as a set of seed points for the location of the centerline. The
seed points are used as a guide for determining which of the
final centerline segments actually belongs to the colon. The
lower the minimum size threshold value, the more sensitive
to non-colonic objects the algorithm is. The higher the
minimum size threshold value, the less likely it is that the
full colon centerline is found. A parameter that defines the
minimum number of seed points selected (i.e., minseeda-
mount, see Section IIT) ensures that the algorithm will work
even in cases where the colon is extraordinarily narrow, even
if this implies that the minimum-size threshold value is
violated.

[0245] Let G represent a set of graphs. Each maximum in
Mg is considered to be a node in G, assigned the position of
the maximum (i.e., the voxel coordinates in 3-D space) and
the size of the maximum (i.e., the DM voxel value of the
maximum), and removed from M. Initially, each node in G
is equivalent to a graph (see FIG. 29A).

[0246] Graph Connection. Let G, and Gy be graphs in G.
Alink between a node Ain G, and a node B in Gy, is created,
joining the two graphs, if the following three conditions are
satisfied:

[0247] 1) G, is not the same graph as Gy

[0248] 2) In the DM, on a straight line between A and
B, no voxel with a value less than a pre-defined
threshold value exists.

[0249] 3) There is no other node C in G, closer than B
to A in terms of Euclidean distance, which can be
connected to A, fulfilling criteria 1-3.

[0250] The above criteria 1-3 are applied to all possible
nodes in G. The resulting G consists of one or more graphs,
each graph consisting of one or more nodes, and represent-
ing a minimum distance spanning tree within the colonic
lumen (see FIG. 29B).

[0251] Window-Based Iteration

[0252] Starting with the remaining maxima in M with the
largest size and iterating down to the maxima with the
smallest size, maxima are removed from M and instead are
considered as new single-node graphs within G (see FIG.
29C). In addition, during each iteration, the Graph Connec-
tion step is applied to all new nodes. Some of the graphs in
G may grow further during this process (see FIG. 29D).
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[0253] Branch Cutting

[0254] Each graph in G contains a major centerline and
several additional branches, but no loops. Iteratively, for
graphs Gy within G containing a node with more than two
links, all available single-ended nodes in Gy (i.e., the end
nodes of each branch in Gy) are removed. The iteration stops
when no graph in G contains a node with more than two
links (see FIGS. 29E and 29F).

[0255] Branch Recovery

[0256] The branch-cutting process removes not only
unwanted branches, but also the end segments of the actual
centerline. These unintentionally removed segments are
recovered for each end node in each graph in G. For an
existing end node in G, end-node candidates are defined as
the nodes in all of the branches that were once connected to
the existing end node, but were later removed during Branch
Cutting. One of the end-node candidates is selected as the
new end node. The branch, or part of the branch, that
connects the existing and the new end node is recovered. The
selection of the new end node is performed in the following
manner: First, we measure the distance from cach of the
end-node candidates to the existing end node. Second, we
measure the distance from each of the end-node candidates
to the node with a link to the existing end node. Third,
comparing the two distances measured for each end node
candidate, nodes that have the longer distance to the existing
end node are removed from the list of endnode candidates.
This prevents a branch that turns back to the extracted
centerline from erroneously being recovered as an end
segment. Finally, among the remaining end-node candidates,
the new end node is chosen as the end-node candidate with
the largest distance to the current end node (see FIG. 29G).

[0257] Save Result

[0258] Each graph containing at least one seed point is
stored as a resulting centerline segment. All other graphs are
removed because a graph without a seed point is considered
to be a centerline segment for an extra-colonic structure.

[0259] For evaluating the effect of different parameters,
we validated our algorithm on a computer-generated colon
phantom. The input is an arbitrary curve in 3-D space and
the radius, R, of the colon phantom to be generated. The
phantom is generated as follows: Traversing the curve given
as input, at a uniform path distance of 1 voxel, compute the
radius of a cylinder with thickness of 1 voxel, and position
it with the main axis in the path direction and centered on the
curve. The radius of the cylinder is computed as R with
additional random noise with range of 2 voxels. The excep-
tion is that, at a uniform distance of 40 voxels of path length,
a fold is created. A fold is created by linearly decreasing the
radius to 20% of R, after which the radius is increased
linearly to its initial value. The path length of the fold-
decreasing and -increasing phases is 10 voxels each. At this
stage, the phantom contains has the overall shape and
randomness, but folds are unnaturally deep and saw-tooth
shaped, and the surface is jaggy and synthetic looking. By
dilation with a spherical dilation kernel with a radius of 6
voxels, the final 3-D phantom of the colonic lumen was
created, with the intended look and fold sizes.

[0260] In the following, the terms “reference” and “slave”
centerlines are used. The reference centerline is considered
the “true” centerline. For quantifying the degree of deviation
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of a slave centerline from a reference centerline, primarily
two types of quantities were calculated.

[0261] Displacement for a single point on the reference
centerline is defined as the shortest Euclidean distance to the
slave centerline with a straight path within the lumen, if
existing. Otherwise, displacement is not defined for the
point. For a reference centerline, mean displacement is
defined as the average of all displacements along the cen-
terline, max displacement is defined as the largest of all
displacements along the centerline, and standard deviation is
defined as the standard deviation of all displacements along
the centerline. The centerline extension is the fraction (com-
puted as percentages) of the number of defined displacement
points when compared to the number of both defined and
undefined displacement points.

[0262] For a set of centerlines, the average extension, the
average of the maximum, the average of the mean, and the
average standard deviations of the slave centerline when
compared to the corresponding reference centerlines, are the
averages over all cases of the centerline extensions, max
displacements, mean displacements, and standard deviation,
respectively (see FIG. 30).

[0263] The centerlines generated by the algorithm pre-
sented, were always regarded as being the slave centerlines
in the phantom studies.

[0264] For evaluating the accuracy of the centerline gen-
erated by our algorithm on clinical cases, a total of 20 CTC
cases were selected from CTC examinations performed at
our institution between 1997 and 2000. All patients under-
went CTC after a precolonoscopy preparation of barium
enema bowel cleansing, by use of 48-hour liquid diets and
agents such as polyethylene glycol, magnesium citrate, or
bisacodyl and phospho soda. Then a soft-tip tube without a
training cuff was inserted into the rectum, and the colon was
gradually insufflated with room air until the patient experi-
enced mild discomfort (approximately 40 puffs or 1 liter).
CT scanning was performed by use of a helical CT scanner
(GE9800 CTi and LightSpeed QX/i; GE Medical Systems,
Milwaukee, Wis.) with 2.5 mm to 5 mm collimation, and
reconstruction intervals of 1.5 mm to 2.5 mm. The matrix
size of the resulting axial images was 512x512, with a
spatial resolution of 0.5 mm/pixel to 0.7 mm/pixel. A
reduced current of 60 mA or 100 mA with 120 kVp was used
for minimizing the radiation exposure. CT scanning was
performed in both supine and prone positions, and thus 20
cases included a total of 40 CTC scans (i.e., 20 supine and
20 prone CTC scans).

[0265] Although the colon was cleansed and distended for
all of the patients, the optimality of the cleansing and
distension varied among patients, and thus some of the
colons had residual stool and fluid as well as non-distended
segments of the colon, as often reported by other CTC
studies [20]. To evaluate the robustness of the centerline
algorithm under a wide spectrum of conditions, we included
cases with feces, fluid, a poorly distended colon, and motion
artifacts in the 20 cases as described below: (1) 20 CTC
scans, classified as “straightforward,” had a well distended
colon, with only a small number of narrow sections and thin
colonic walls; (2) 10 CTC scans, classified as “moderate,”
contained narrow and collapsed regions and thin walls; and
(3) 10 CTC scans, classified as “challenging,” had a poorly
distended colon with thin walls, and a large number of
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collapsed regions due to residual stool, fluid, and spasm.
Also, motion artifacts were present in some of the cases.

[0266] Generally, the segmented cases had a large number
of fragments of small bowel, lungs, and stomach remaining
in the segmented colon. No case was completely free of
extra-colonic components (see FIG. 31A-31I).

[0267] Three radiologists, A, B, and C, manually drew,
independent of each other, a centerline for the colon in each
of the 40 scans by using in-house 3-D computer software
with a custom centerline tool. They were instructed to
include all non-collapsed parts of the colon.

[0268]

[0269] The following implementation details and settings
are used in our implementation of the centerline algorithm.
They serve as a guide for efficient implementation, but are
not proposed to be the only way for implementing the
algorithm.

[0270] DM. We use the chamfer 3-4-5 DT [21] for com-
puting the distance map.

Implementation Issues

[0271] Seedscalefactor, Regularscalefactor. Scale factors
that scale a spherical neighborhood of a seed point and
regular point, respectively, used for removing other maxima
within a local neighborhood. If the values for these param-
eters are set too high, maxima that happen to be close in 3-D
space, but are located in different parts of the colon may
accidentally be removed. If the parameters are set too low,
the computation time increases without any increase in the
accuracy of the resulting centerline. In our implementation,
the size of the sphere for a seed point (seedscalefactor) is set
to 1.5 times the physical sphere radius, as indicated by the
DM value at that point. The value was chosen in order for
the spherical neighborhood it represents to cover the colonic
lumen including parts of the wall. The size of the sphere for
a regular point (regularscalefactor) is set to 1.1 times the
physical sphere radius. The seed points are considered more
accurately positioned in 3-D space than the regular points,
hence the larger value for seedscalefactor. Additionally, we
set a minimum radius to 10 voxels for any sphere. This is not
necessary for the algorithm to work. However, it will give a
slight speed improvement.

[0272] Minscedsize. Smallest maxima size that will be
regarded as seed point. It is typically set to a size within the
range of 50-80 for 3-4-5 DT, but this may vary depending on
the resolution of the colon in CTC scans. minseedsize should
reflect the radius in voxels for the well-distended parts of the
colon.

[0273] Minseedamount. Minimum number of seed points
desired. This parameter may, if necessary, override minseed-
size. It is typically set within the range of 30-70. It may be
set to zero in order to reduce the number of parameters. The
parameter ensures that no less than minseedamount seed
points are selected, even if this implies that the parameter
minseedsize must be overruled. The parameter is useful only
for unusual cases in which a large portion of the colon is
collapsed. In such a case, if this parameter is not used (i.e.,
set to zero), minseedsize would have to be lowered for all
cases, which increases the risk of finding the centerline of
non colonic structures.

[0274] Nondt. Highest voxel value in DM considered to be
outside the colonic lumen. We typically use a nondt value of
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3 for 3-4-5 DT. If Euclidean DT is to be used, a value of 1
would be appropriate. The partial volume effect can create
holes between neighboring colonic walls, and thus a higher
value of nondt can avoid the generation of centerlines
through the holes. However, setting too high a value for
nondt may prevent the extraction of the entire colon cen-
terline. The parameter should be set considering the scale of
the DT used to reflect correctly how many layers it peels off
the surface in the DM.

[0275] Detection of Local Maxima in DM. The removal of
close-by maxima can be implemented effectively in a two-
step manner: First, store all maxima found in DM in a
look-up table (LUT). Also, set up an empty (all zero) volume
V., with the same dimensions as those of the DM. Second,
starting with the largest maxima in the LUT, for each
maximum M, check whether the corresponding voxel in V
is zero. If so, set all voxels in V, within a desired radius (i.e.,
the DM value of M; scaled by seedscalefactor or regular-
scalefactor) to value 1. If not, remove M; from the LUT.

[0276] Graph Connection. It is important to evaluate the
iteration on only the recently added nodes in G (i.e., the
nodes that have not previously been evaluated by Graph
Connection). In addition, the iteration must not re-visit a
node before visiting the next node in the list. Otherwise, the
computation time for the Graph Connection process could
easily take several minutes. It should be noted that we
implemented the path search with a simple Bresenham line
algorithm that checks the voxel values for all voxels on the
path. If any non dt voxel is found, it returns FALSE, but
returns TRUE otherwise.

[0277] Results: Evaluation Based on Colon Phantom

[0278] Two phantom studies were made. In the first study,
a centerline was computed for phantoms with different
radius, ranging from 3 to 30 voxels (2-21 mm). As seen in
Table I, the centerline computation time is nearly constant
(2.3-2.9 seconds), and the extension drops from 100% only
in very narrow (3-5-voxel radius) and very well-distended
cases (30-voxel radius). For narrow passages, this is because
the centerline is split into multiple segments due to sharp
turns in the colonic pathway. For a large radius, the decrease
occurs because the ends of the original and computer-
generated segments are not perfectly aligned. Thus, the
similarity computation algorithm will regard these segments
as missing. With increased phantom radius, the average
displacement-related parameters (i.c., the mean displace-
ment, the max displacement, and the standard deviation) of
the computed centerline increases when compared to the
path used for creating the phantom. This is because, when
the phantom radius becomes large, at sharp turns close-by
colonic walls will merge, thus shifting the actual central path
of the colon from its original position (see FIGS. 32A-32D).
As expected, with increased radius the number of maxima
(both 6N and 4N) detected in the DM increases significantly.
The algorithm successfully decreases the amount to a close
to constant number of maxima (59-95) used.

[0279] In the second study, the seedscalefactor was varied
within the range of 0.1-2.0. The regularscalefactor was set to
0.7xseedscalefactor. The phantom radius was set to 15
voxels. As seen in Table II, all of the colon centerline was
computed regardless of the seedscalefactor. Also, the aver-
age displacement-related parameters (i.c., the mean dis-
placement, the max displacement, and the standard devia-
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tion) are close to constant. The computation time was close
to constant except for the smallest scale factor, when the
time consumption increased dramatically. The reason for
this is that with such small scales, almost every possible
maximum found in the DM will be used by the algorithm
(8200 out of 8275). It should be noted that the creation of the
graph structure is not linear but, for n nodes, in the worst
case proportional to (n/2). This is because every node added
must be compared to all existing nodes in the graph struc-
ture. The complexity of the remaining parts of the algorithm
is proportional to the number of voxels in the volume data
set or to the number of nodes in the graph structure.

[0280] To estimate whether a complexity of (n/2)* will
interfere with the performance of the algorithm under nor-
mal circumstances, we compute a reasonable upper estimate
of the number of maxima picked up by the algorithm by
using the following model: Assume that a colon C is
cylinder-shaped, approximately 1500 mm long, and has an
average radius of 25 mm [22]. Assume also that we have an
isotropic voxel space and 1 voxel=1 mm?>. C will consist of
V_ =m25%x1500~2.94x10° voxels. Each maximum used by
the algorithm will be the single maximum within a spherical
neighborhood, and occupy v,,=(V4)x4mr> voxels where r is
the shortest distance to the object boundary. This implies
that the seedscalefactor and the regularscalefactor param-
eters are both set to 1.0. If the number of maxima collected
is the inverse of the squared maxima radius, and maxima
radii are, on average, 15 mm, an upper limit of the total
number of maxima used will be

Ve 2.94x10°
m=—— =~ =~ 1500.
30 4x
4nr3 ?30 x15
3r2

=

[0281] As seen in Table II, column 2, the centerline can be
computed in less than 3 seconds for this number of maxima,
which indicates that the computation time is not likely to
become large for any colon.

[0282] Results: Evaluation Based on Clinical Cases

[0283] The computer-generated centerlines for the 40
CTC scans were always regarded as being the slave center-
lines when compared to the human-generated centerlines.
FIGS. 33A and 33B show an example of a 2-D projection
of a computer-generated centerline and its displacement at
each location in 3-D when compared to a reference center-
line generated by a radiologist. In addition, for each CTC
scan, the centerlines generated by the radiologists were
compared with each other. This comparison was performed
for all permutations of the centerlines drawn by A, B, and C
with respect to both reference and slave centerlines.

[0284] Table III shows the results of the comparison
between computer-and human-generated centerlines, and
between human-generated centerlines. As shown, all quan-
tities for the computer-generated centerline, except for the
extension, are comparable with or even better than the
pair-wise comparison between human centerlines. The aver-
age maximum displacement was relatively large for all
cases, both when human centerlines were compared and
when human centerlines were compared with the computed
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centerline. However, most of the large displacements were
observed in the end regions of either the cecum or rectum.
In these regions, it was difficult to determine the centerlines
uniquely because of the large and irregular shapes of the
regions.

[0285] Table III also shows that the extension of the
computer generated centerlines, on average, was 92% of the
human-generated centerlines, comparable to 94% when
human-drawn centerlines were compared with each other.
By computation of the same quantity for the three groups
(straightforward, moderate, and challenging) separately, it is
shown in Table IV that, for the straightforward cases, the
average extension for both computer-generated centerlines
and human-drawn centerlines were close to 100% of the
entire colon (97% and 98%, respectively). For the moderate
cases, the average extension of the computer-generated
centerlines was lower than that obtained from the straight-
forward cases (91% and 97%, respectively). For the chal-
lenging cases, the extension of the computed centerlines
was, on average, 81% of the colon, compared to 84%
extension by the human-drawn centerlines. The computer
generated centerlines covered less of the colon relative to the
human-generated centerlines because some small, very nar-
row segments of the colon were found by the radiologists,
but were missed by the algorithm. This was expected
because these narrow segments were considered to be non-
colonic objects by the algorithm. However, even the cen-
terlines drawn by radiologists had poor extension when
compared to each other. This is mainly for the same reason
as above: the challenging cases often contained a large
amount of stool, collapsed regions, and extra-colonic find-
ings which made it difficult for the radiologists to find the
true colonic path. Thus, the centerlines drawn by each
radiologist covered different parts of the colon.

[0286] A two-sample t-test was performed to evaluate the
difference in the displacements between human-drawn cen-
terlines and between human-drawn and computer-generated
centerlines. The null hypothesis was that there was no
difference. To explore this hypothesis, all displacements
between human-drawn centerlines used for computing the
averages in Table III, were pooled and compared to those of
all displacements between human-and computer-generated
centerlines. The null hypothesis was not rejected at the =0.05
level. This result indicates that there was no statistically
significant difference in the displacements between the
human-drawn centerlines and between human-drawn and
computer-generated centerlines. However, the average
extension of the computer-generated centerline was statis-
tically significantly less than that of the human-drawn cen-
terlines.

[0287] For evaluating the speed, we measured the CPU
time for computing the centerlines. We did not include the
calculation time for the interpolation of the input data or for
the segmentation of the colon. Using an Intel Pentium-based
800 MHz computer with 512 MB memory, for the 40 scans,
the centerline computation time was in the range of 2.6-7.4
seconds, with an average of 4.8 seconds. The distance
transform used in this study was computed, on average, in
5.7 seconds, giving a total centerline computation time of
10.5 seconds, on average, for the 40 CTC scans.

[0288] 1In 4 of the 40 cases, the computer-generated cen-
terline contained a total of 5 centerline segments that did not
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correspond to any segment of the centerline drawn by a
human observer. These segments respectively represented
0.9%, 1.0%, 1.4%, 1.6%, and 6.7% of the total centerline,
within a path length range of 18-148 mm.

[0289] Visual inspection confirmed that, in no case, the
computer generated centerline went through any hole cre-
ated by the partial volume effect or its equivalent.

[0290] The proposed centerline algorithm has several
advantages. First, to our knowledge, it is the fastest imple-
mentation among the methods for computation of colon
centerlines reported in the literature.

[0291] Second, our algorithm performs a global search for
selection of seed points, without any human intervention.
The global search is designed to find seed points in all of the
distended segments of the colonic lumen even when these
segments are disconnected. Therefore, the algorithm can
generate centerlines without being trapped by collapsed
regions.

[0292] Third, the algorithm is robust to segmentation of
the colon of non-optimal quality, with collapsed regions, and
stool within the colonic lumen; it computes all available
centerlines, regardless of the location and length of indi-
vidual segments. The set of globally extracted seed points
determines which segments belong to the colon.

[0293] In addition to these advantages, the algorithm has
an important feature. It uses 6- and 4-neighbor maxima of
the DM as a guide for positioning the centerline. These
maxima are, by definition, well centered in the DM, and thus
the resulting centerline is also centered.

[0294] The main reason for the speed of the algorithm is
data reduction. Initially, a set of maxima representing the
centerline pathway is extracted from the DM, reducing the
amount of data by a factor of 100,000 compared to the DM.
Only the reduced data set is used for creation of the final
centerline. The fact that the algorithm does not depend on a
specific type of DT, but can be used with an integer-based
DT, reduces the total computation time even further [21].

[0295] Because the algorithm attempts to find segments of
the centerline in different parts of the abdomen indepen-
dently, application of the algorithm to poorly segmented
colons may generate centerline segments for non-colonic
structures, such as the small bowel and the lungs. In most of
these cases we observed that the entire colon centerline was
extracted and could easily be identified as being the longest
segment. However, if only parts of the entire colon center-
line were generated, anatomy-based post-processing might
be necessary for the centerline segments to be connected
correctly. This, however, is beyond the scope of the present
study.

[0296] Several criteria were evaluated for recovering the
end segments of a centerline in the Branch Recovery step.
Generally, long branches appear to be a good representation
of the lost end segments of the centerline. It is, however, not
guaranteed that this gives the “correct” end segments. Our
method described in Section Branch Recovery was able to
recover the most extended branch that does not turn back to
the extracted centerline, and thus found to be most appro-
priate method.

[0297] As shown in Table III and IV, for all centerline
comparisons, the average maximum displacement was at
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least 15 mm. Such a large deviation often occurred at the end
points. This can be explained in terms of uncertainty. That is,
neither the radiologists nor the computer algorithm knew
exactly in which direction the end point should be, not even
whether the centerline was supposed to be drawn all the way
to the colonic wall indicating the end of cecum, rectum, or
an in-between segment, or to stop somewhat earlier.

[0298] As stated above, the computed centerlines, on
average, yielded slightly less extension compared to the
human generated centerline because narrow segments
between collapsed regions were sometimes completely
missed by the algorithm. This was expected, because the
algorithm could not find seed points anywhere within such
a narrow region, and thus the segments were not regarded as
part of the colon. It is possible to lower the minimum-size
threshold value for selection of seed points to find these
narrow segments although it may potentially increase the
number of extra-colonic centerlines.

[0299] 1t should be noted that it do exist centerline algo-
rithms which can produce centerlines that are, on average,
more well centered with respect to a DM than the algorithm
presented in this paper. The reason for this is, the centerline
is based on a set of discrete, centered, nodes within the
colon. In cases where the Euclidean distance between con-
nected nodes is large, the in-between connection might be
off the central path.

[0300]
raphy

III. Detection of Colorectal Masses in CT Colonog-

[0301] Because the mass detection methods were designed
to be integrated in the inventors’ previously developed
automated CAD scheme for the detection of polyps, a brief
overview of that scheme is provided. The specific details are
presented elsewhere [33,34,35,36,49].

[0302] Given a 3-D isotropic CTC data set, a thick region
encompassing the colonic wall is extracted automatically by
use of a knowledge-guided segmentation technique [23]. In
this technique, the region outside the body, the osseous
structures, and the lungs are first eliminated from further
analysis by use of histogram analysis, thresholding, and
morphological operations (FIG. 18). The region of the
colonic wall is extracted from the remaining region by
thresholding of the CT and gradient values. Because the
extracted region may contain extra-colonic components,
such as small bowel, a self-adjusting volume-growing step
is used to identify the colonic lumen based on the initially
extracted region. The final region of the colonic wall is
obtained by addition of surface layers to the volume-grown
region of the colonic lumen. On average, 98% of the visible
colonic wall is covered by the extracted region, and approxi-
mately 10-15% of the extracted region is associated with
extra-colonic structures [36].

[0303] The regions with polyp-like characteristics are
detected from the extracted region of the colonic wall by use
of hysteresis thresholding [33,57]. The hysteresis threshold-
ing is guided by two volumetric features called the shape
index (SI) and the curvedness (CV) [29], which can be
defined as
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[0304] where k,(p) and k, (p) are the principal curvatures
of the iso-surface passing through voxel p [29]. The SI
classifies the topological volumetric shape at a voxel, and
the CV characterizes the scale of that shape. To implement
the hysteresis thresholding, one first locates the voxels that
have SI and CV values within SIE[0.9,1.0] and CVE[6.68,
8.52]. The regions represented by such voxels are expanded
by addition of 26-connected boundary voxels that have their
SI and CV values within SIE0.8,1.0] and CVE[6.40,8.52].
The details of this technique have been presented elsewhere
[33].

[0305] The regions extracted by hysteresis thresholding,
or initial detections, do not necessarily cover completely the
visually perceived region of the detected lesions. For ana-
lyzing the internal structure of the detections for FP reduc-
tion, the final regions of the detections, or the polyp candi-
dates, are extracted by use of a conditional morphological
dilation technique [35]. In this technique, a detected region
is expanded within the colonic wall by morphological dila-
tion, and the dilation step for which the growth rate of the
expanding region is smallest is chosen to represent the final
region of the detection [35].

[0306] Finally, FP polyp candidates are reduced by use of
a quadratic classifier based on quadratic discriminant analy-
sis. The classifier is trained by labeling of each polyp
candidate as a true-positive (TP) or FP detection based on
the feature values calculated for the candidate region. The
quadratic classifier then generates a decision boundary that
partitions the feature space by use of a hyperquadratic
surface. The result of the partitioning can be represented by
a discrimination function, which projects the multi-dimen-
sional feature space into a scalar decision variable. For a
polyp candidate, the value of the decision variable deter-
mines whether the candidate belongs to the TP or FP class
[33]. The polyp candidates in the TP class yield the final set
of the polyps detected by the CAD scheme.

[0307] Overview of Mass Detection

[0308] The first method for mass detection, fuzzy merg-
ing, identifies intraluminal masses that protrude from the
colonic wall into the colonic lumen and is described below.
The second method, wall-thickening analysis, detects non-
intraluminal types of masses that appear as an abnormal
thickening of the colonic wall. This method is described in
more detail below. Once the locations of the mass candidates
have been established, we a level set method is used to
extract the complete regions of the mass candidates, as
described below.

[0309] To reduce FP candidates, shape and texture features
were calculated from the detected mass regions. A quadratic
classifier discriminates the mass candidates into TPs and FPs
as in the case of polyp candidates. However, the classifier is
trained separately for polyps and the two types of masses,
because these lesions have considerably different feature
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characteristics. Once the final candidates are established, the
polyp candidates that overlap the regions of mass candidates
are eliminated, because such polyp candidates are likely to
be FP detections of a mass. The final output of the integrated
CAD scheme for the mass and polyp detection is obtained by
combining the outputs of the quadratic classifiers from the
analyses of the polyp and mass candidates.

[0310] The methods for the detection and extraction of the
mass candidates involve assignment of several numerical
parameter values. The assignment of these values is dis-
cussed briefly below.

[0311] Detection of Intraluminal Masses: Fuzzy Merging

[0312] As discussed above, the CAD polyp detector may
generate several initial detections on the surface regions of
large unobstructed intraluminal masses. Therefore, to reduce
the computational burden introduced by mass detection, a
separate detection step for intraluminal masses is not imple-
mented, but they are identified by use of a new fuzzy
merging method that analyzes the fuzzy memberships of the
initial polyp detections. The detections that are determined
to originate from the same lesion are considered as an initial
mass detection and are processed separately from the polyp
detections.

[0313] LetU be a universal set. A fuzzy set F in U can be
defined as a set of ordered pairs as

F={(cux(e)le€l}, (10)

[0314] where ug(.) is the membership function (or char-
acteristic function) of F, and g(c) is the grade (or degree) of
membership of ¢ in F [58]. The membership function g(.)
maps U to the membership space M, where usually M=[0,
1]. In a crisp set, M={0,1}. An o-cut of a fuzzy set F is a
crisp set F, that contains all elements of the universal set U
with a membership grade in F greater than or equal to o

F ={cCUun()za}, ac(0,1]. an

[0315] In our application, the input data are the set of
26-connected regions of the initial CAD polyp detections.
The regions that are located beyond D, ,,.=50 mm from each
other may not be merged, and their membership grade is
always zero. Otherwise, for two regions, A and B, within

D the symmetric membership function is defined by

max?
:“A(B)=MB(A)=(WCTMA,BCT"'WGR#A,BGR)(D(A:B): (12)

[0316] where the functions u, 5" and p, 5°F character-
ize the membership between A and B based on the CT and
gradient values along a 3-D sampling ray R between the
centers of A and B. Here, the sampling ray R is defined as
a line between the geometric center voxels of A and B. As
described below, the value of u,(B) is defined to become
high when regions A and B are on a single lesion. The
weights wo and wg are generally set to (Wop,Wagr)=(0.5,
0.5), but may be modified in situations where it is obvious
that A and B should not be merged. The function e,(A,B)
decreases the membership grade as the distance between A
and B increases, as discussed below.

[0317] To caleulate u, 5, the minimum CT value along
R between the regions of A and B, denoted by min.(A,B),
is first computed (FIGS. 19A-19B). Next, the average CT
value along R within the regions of A and B, or mean{ A,
B] is determined. The ratio of these values, or,
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mincy (A, B)

cr _
fan = meancr[A, B]’

[0318] is scaled linearly to [0,1] in order to characterize
the membership of A and B based on the CT value:

L0 f{E>09 13
or 0.0 T <05
Hap = or !
fap—0.5 .
00-035 otherwise

[0319] The value s, 5" is high if the CT values along R
are relatively uniform, indicating that the detections appear
within the same lesion. The value is low if the CT value is
attenuated significantly between the regions, suggesting that
the detections may not appear within the same lesion.

[0320] To calculate p, °F, one determines the maxinmum
gradient between the regions A and B, or maxgr(A, B), and
divides it by the maximum value of the gradient within A
and B, or maxggz[A,B]. The resulting value,

cr _ maxGe (4, B)
1o R
maxcy [A, B]

[0321] is scaled as follows:

L0 k<11 (14)
R 0.0 SR> 30
MHap = R !
L_l.l otherwise
3.0-1.1

[0322] The value u, 5°F is high if the highest gradient
between A and B is low, i.e., there is no clear separating
boundary between the regions (FIG. 20A). The value is low
if the gradient is high, indicating that there is a boundary (or
boundaries) between the regions. Such boundaries may be
caused not only by the surface of the colonic wall, but also
by a sharp change in the local tissue characteristics. In such
cases, the regions A and B are likely to belong to different
lesions.

[0323] The numerical boundary values in Egs. (13) and
(14) were determined experimentally, as discussed in Sec-
tion 4. For example, in Eq. (13), the threshold value 0.9
implies that if the CT wvalue is reduced less than 10%
between A and B, the two regions A and B definitely belong
to the same lesion. Similarly, if the CT value is reduced by
more than 50% between A and B, the regions definitely do
not belong to the same lesion.

[0324] 1If the CT value between A and B is less than —700
HU, it is likely that there is air between the regions and they
do not represent the same lesion. However, the value of
1(B) may not always reflect this clearly if equal weights are
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used. Therefore, in this situation, the effect of the CT value
is weighted by modifying the membership weights in Eq.
(12) as follows:

700 + miner (A, B 15
wer =0.540.5 min{l, %()} 1)

wgr = 1.0 —wer.

[0325] The membership grade between A and B is also
dependent on their distance. The effect of e(A,B) is to
reduce the membership grade for detections that are far apart
as compared with detections that are very close. As the
distance D(A,B) between A and B increases, it becomes
increasingly likely that they originate from a different lesion,
unless the membership grade based on the CT value and
gradient is very high (FIGS. 20A-20B). We calculate this
effect by

1 D(A, B) <10 mm (14)
0 D(A, B) > Dpax
&p(A, B) =
Dy — D(A, B) .
_ otherwise
Dy — 10

[0326] Once the memberships have been established, the
detected regions that have a high membership grade are
merged by determining the a-cut of the regions. The thresh-
old for this hard clustering is a=0.5, but the regions with the
highest membership are merged first. If, during this merging
process, one or both of the regions A and B to be merged
already belongs to a previously merged region, e.g., ACE,
where E is a merged region, it is checked that the distance
between all components of E and B (or all components of B,
if B is also a previously merged region) are within D, _.
Because of this constraint, the merging process cannot
spread over a long “chain” of candidates along the colonic
wall. On the other hand, masses with complicated shapes
can be detected, because a high membership grade is
required only between two detections within a region (FIG.
200).

[0327] The merging process ends when no mergeable
regions can be found. The regions that were constructed by
merging of initial detections are tested for their spatial
spread along their three perpendicular principal axes for
estimating the sizes of the lesions that the merged regions
represent. A region is considered a mass candidate if the
spread exceeds 25 mm along one of the principal axes, or if
the largest of these spreads is 22.5-25 mm and the spreads
in the two corresponding perpendicular directions are >50%
and >75% from the largest spread. Small polyp-like lesions
have a small maximum spread, or their spreads in the
directions perpendicular to the maximum spread are small.
The detections that are not labeled as mass candidates are
considered polyp candidates and are processed as described
in below.

[0328] Detection of Non-Intraluminal Masses: Wall-

Thickening Analysis

[0329] As shown in FIG. 16C, non-intraluminal masses
are associated with a thickening of the colonic wall that can
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be seen as a thick region of locally high density surrounding
the colonic lumen. The present method for detecting such
regions, called wall-thickening analysis, is similar to the one
suggested by Vining et al. [45] for polyp detection: at each
surface voxel of the colonic wall, a sampling ray L is
projected along the surface normal into the colonic wall, and
estimate the wall thickness based on the CT values along the
ray. However, compared with the method of Vining et al., the
present method is more specific to the application of the
detection of non-intraluminal masses and involves several
additional steps.

[0330] First, the CT values along the sampling ray L with
a length of 20 mm are averaged by a 3-voxel window to
reduce noise. Let the start and end locations of L be denoted
as,and Lena (FIG. 21A). To determine whether abnor-
mal tlgnckemng is present, the location of the maximum CT
value, CT,,,., between L, and L., is first calculated.
Next, the region of the colonic wall is determined by
determining the locations of the gradient maxima, GRy,g,
and GR_,4, between L,;, and CT,_ and between CT,_
and L,,4, respectively. The region between GR,,;, and
GR_ is expected to represent the colonic wall, and is
considered as being suspiciously thickened if the following
six criteria hold:

[0331] 1. To determine whether the region between
GR, o and GR_,, has locally increased density, rep-
resentmg a thlckened region of the colonic wall, one
calculates the average CT value, CT, ;, between
GR " and GR__,, and the average CT value, CT,;, ..,

between GRend and L. 4. To detect a thickened

region, we impose CT,;;>1.025xCT

tissue*

[0332] 2. Except for the lumen, the colonic wall
should have a solid tissue structure. Therefore, the
condition that CT>-200 HU between GR,,;, and
L, is imposed.

[0333] 3. The wall region should be clearly delin-
eated: GR_,4,>10 HU is imposed.

[0334] 4. To ensure that osseous structures, possibly
interfering with the analysis, are not present,
CT,,..<300 HU is imposed.

[0335] 5. The distance between GR,.;, and GR_ 4
should be at least 5 mm for the wall to be considered
as having potentially abnormal wall thickening.

[0336] 6. To exclude situations where a high-density
region caused by internal organs adhering to the
colonic wall could be identified incorrectly as wall
thickening, the condition that the distance between
L, . and GRy ., is at most 2.5 mm is imposed, and
that the distance between GR_ 4 and L, ; is at least
3 mm.

[0337] Once the voxels representing potential regions of
abnormal thickening have been detected, a symmetry check
is performed by projecting an inverse sampling ray from the
detected voxels through the colonic lumen to the opposite
side of the colonic wall (FIG. 21B). The detected thickening
at a voxel is not considered valid unless thickening is also
detected on the opposite side of the wall. Thus, the method
detects only a nearly circumferential type of wall thickening,
as examples of a flat, non-circumferential abnormal wall
thickening are not available in the database.



US 2005/0152588 Al

[0338] To reduce false positives, additional checks are
performed for the extracted, suspicious regions. The total
volume of the region should be at least 3000 mm?, and there
should be at least 300 voxels associated with the locations
where suspicious thickening was originally detected. Fur-
thermore, to eliminate FP detections due to fluid, the direc-
tions of the gradient vectors within the suspicious region
were analyzed. If more than 50% of the region is associated
with unit vectors of gradient with a sagittal component =0.9
in magnitude, the region is considered to be fluid and is
eliminated from further analysis (FIGS. 22A-22B). This
check does not increase the computational complexity of the
detection of masses, because the gradients have already been
calculated to detect the regions associated with the wall
thickening.

[0339] Extraction of the Mass Region by Use of Level
Sets

[0340] The mass candidate regions, detected by the two
methods described in the previous sections, are used as seeds
for extracting the final mass regions. The extraction step is
based on a level set method [59]. The basic idea of the level
set method in extracting regions is to allow the initial surface
vy of a smooth, closed object to move along its normal vector
field with speed F. In this application, the initial regions of
the mass candidates provide the initial conditions for the
level set method. To extract the complete region of a mass
candidate, solve the following flow evolution equation:

P+ (gree)(1-exng) [VOI-BVPV§=0, an
[0341] where ¢ is the level set function to be solved. The
zero level set of ¢ represents the evolving front, or surface,
of the extracted region. Ideally, the surface should pass the
minor boundaries in the input data and settle to the major
boundaries. The front can be considered to expand with a
speed 1-erm,, where m,, is the mean curvature of the
surface, and € controls the effect of the curvature. The
additional terms in Eq. (8) represent expansion or contrac-
tion forces that control how the level set surface evolves.

[0342] The gradient-based expansion force g; is

1 (13)
1+ max{0, |V (G = I(x, y, 2))| — 10}’

&ix, y,2) =

[0343] where G_*I denotes the CTC data set convolved
with a 3-D Gaussian smoothing filter with a standard devia-
tion 0=0.5. If there is no boundary gradient, the expansion
force is g=1.

[0344] In addition to the gradient-based expansion force,
we introduce an expansion force ¢; based on the CT value (in
HU):

1 (19)
1+ max{0, (|GI(x, y, 2)| +700)/100}°

ci(x, y,2) =

[0345] In the present invention, the use of ¢; is necessary
because the automatically detected initial regions may be
located at both sides of the mass boundary. Therefore,
without ¢y, the evolving level set front could spread into the
colonic lumen.
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[0346] The surface tension force, |V¢|, controls the
smoothness of the evolving level set surface, and depends on
the mean curvature which may be calculated from the level
set function ¢ as

@By + DB + (B + 62002 + (20)
(Bux + Gup)PT = 2B ybry —
P R L e At
METTe T (@2 + g2 + 20"

[0347] The force that attracts the evolving surface toward
aboundary is implemented as the gradient of a potential field
defined by

P(xy,2)=—(max{0,|V(G,*I(x2))|-20}). (21)

[0348] The parameter f§ in Eq. (15) controls the effect of
the force that attracts the evolving surface to a boundary.

[0349] The flow evolution of Eq. (15) was implemented
similarly to the two-stage approach described by Sethian et
al. [59]. First, the flow evolution was solved by use of the
expansion forces and a fast marching method. The fast
marching method was realized by solving of the Eikonal
equation

[VTg=1.T={ (o) T(x.y)=0}, 22
[0350] where T is the initial position of the level set
surface. The iteration continues until the solution |[VT|
becomes large and, hence, the flow has almost stopped
because it reached the desired boundary. To implement the
fast marching method, write the Eikonal equation as

(max(DFT, DT, 0 +max(DZ T, -DRT. 00+ | (B

max(DFT, DT, 0%} &

[0351] where the terms D;;, T represent approximate for-
ward and backward operators on T. For example,

TG+h j, k) =TG j. k)
LRt LI LAY

DT = - d
TGk =T =R k)
Yo _

DT = S

[0352] The fast marching method can be implemented
efficiently by observing that the upwind difference structure
of Eq. (23) allows propagation from small to large values of
T. Only the values around the thin evolving surface bound-
ary need to be considered, and these can be updated by use
of a min-heap data structure. The details of the implemen-
tation are discussed in Sethian et al. [59].

[0353] Once the final level set surface has been approxi-
mated by the fast marching method, a more precise, narrow
band level set method could be used for obtaining the final
solution [59]. However, in this application, the fast marching
method was applied a second time by including the bound-
ary-attracting force in the second term of Eq. (15). Three
examples of the final extracted regions of masses are shown
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in FIGS. 23A-23C. As shown in the bottom figures, the
coverage of a mass by the extracted region is not necessarily
precise, but most of the mass region is covered.

[0354] Selection of the Parameter Values and Features

[0355] Most of the numerical parameter values of the
methods of mass detection and extraction were determined
empirically. For the fuzzy merging method, the numerical
threshold values in Egs. (13)-(15) were determined by
examination of the CT and gradient values between the mass
and polyp CAD detections in one data set that included five
polyps and a circumferential mass. For the wall-thickening
analysis, most of the parameter values were estimated visu-
ally from one dataset containing a typical wall-thickening
type of mass. The requirements that a detected region should
have a minimum volume of 3000 mm 3 and be associated
with 2300 voxels indicating wall thickening were estab-
lished by first calculating these values for both non-intralu-
minal masses: the corresponding minimum values for all
data sets were approximately 3600 mm® and 380 voxels,
respectively.

[0356] The values of the parameters €=0.4 and =0.66 of
the level set method, as well as the threshold values in Egs.
(16), (17), and (19), were adjusted approximately by a visual
examination of the resulting extracted mass regions.

[0357] A combination of two features was used to reduce
FP mass detections by use of a quadratic classifier. The use
of more than two features would improve the performance
of the mass detection, but would also reduce the generaliz-
ability of the results. Because only fourteen masses were
used in this study, the use of additional features might cause
the classifier to over learn the data. With only two features,
it is likely that the results obtained in this study can be
reproduced when a larger database is used for the evaluation
of our mass detection methods.

[0358] The features were chosen by evaluation of the FP
reduction for combinations of the mean, variance, and the
mean of the 10 maximum values of the CT value, the shape
index, and the gradient within the regions of the detected
mass candidates. The calculation of these features had been
implemented previously in the CAD scheme for the detec-
tion of polyps. The features were designed to characterize
the shape or internal texture of the detected regions for an
effective reduction of FPs.

[0359] Performance Evaluation Method

[0360] The detection results were characterized primarily
with a by-mass analysis, where a mass is considered
detected if it is detected in either or both supine and prone
positions of the patient. Because each abnormal patient had
only one mass, the results of the by-mass and by-patient
analysis were identical. In a by-patient analysis, an abnormal
patient is considered detected if at least one mass is detected
in the supine or prone view of the patient. Furthermore, we
calculated the detection sensitivities when only prone data
sets or only supine data sets were used in the evaluation.

[0361] The performance of the detection of intraluminal
masses was evaluated by use of the leave-one-out (round-
robin) method, which is expected to provide a good estimate
of the unbiased performance of a classifier when the avail-
able data are limited. The leave-one-out evaluation was
implemented with a by-patient elimination. That is, for a
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given patient, all candidates detected in the patient were
removed from the set of all candidates, the quadratic clas-
sifier was trained with the remaining candidates, and the
resulting discrimination function was tested on the candi-
dates that were removed. This has the effect of reducing the
potential bias caused by the use of the data from the same
patient for training and testing. Once this process had been
repeated for each patient, the discrimination function was
thresholded at various detection sensitivity levels to generate
a free-response operating characteristic (FROC) curve [61].

[0362] Because of the small number (2) of non-intralumi-
nal masses in our database, it was not feasible to perform a
leave-one-out evaluation for the wall-thickening analysis.
Therefore, for this method, the quadratic classifier was
trained with all detections of the non-intraluminal mass
detection method and evaluated the result.

[0363] The mass detection performance of the CAD
scheme was also investigated for the detection of polyps
without the use of the explicit mass detection methods. That
is, the inventors investigated how many masses would have
been detected if the CAD scheme for polyp detection had
been used. The quadratic classifier of the CAD scheme for
polyp detection was trained and tested with the 82 cases and
a leave-one-out method by treating the polyps (5-25 mm) as
TPs and other detections as FPs. Then, the number of masses
(>25 mm) that were detected as polyps by this CAD scheme
at each detection sensitivity level was determined.

[0364] We retrospectively collected 82 cases (patients)
from standard CTC examinations performed at the Univer-
sity of Chicago Hospitals (80 cases) and the Beth Israel
Deaconess Medical Center (2 mass cases). In preparation for
same-day optical colonoscopy, all patients underwent a
colon-cleansing regimen with polyethylene glycol. The CTC
scanning was performed with helical single- and multi-slice
CTC scanners (HiSpeed CTi or LightSpeed QX/i, General
Electric Medical Systems, Milwaukee, Wis.) in supine and
prone positions with reconstruction intervals of 1.0-5.0 mm
(within 1.5-2.5 mm: 91%), slice thicknesses of 1.25-5.0 mm
(within 5.0 mm: 80%; within 2.5 mm: 15%), tube currents
of 50-160 mA (within 100 mA: 87%) with 120 kVp, and
tube rotation times of 1.0 (single scan) and 0.8 (multi-scan)
seconds. The CTC data sets represented the entire region of
the colon, from the rectum to the lung diaphragm. To yield
3-D isotropic data sets, the original 512x512 CT images
were interpolated linearly in the axial direction to a voxel
resolution of 0.51-96 mm (average: 0.69 mm).

[0365] There were 14 colonoscopy-confirmed masses (12
intraluminal, 2 non-intraluminal) measuring approximately
30-60 mm in diameter (FIG. 17) in 17% of the cases (Table
V). Seven of the intraluminal masses were polypoid or
lobular, three were annular or circumferential, and two were
semi-circumferential. The diameter of the masses was cal-
culated by use of colonoscopy reports and by measurement
of the average diameter of the mass in the reconstructed CT
volume. For the two non-intraluminal masses, the mass
diameter was calculated as the maximum distance between
the centers of the thickened wall on opposite sides of the
colonic lumen. The colonoscopic examination was incom-
plete in some of the mass cases, but no polyps nor additional
masses could be found by an experienced radiologist in the
CTC data in such cases. One of the masses, located at the
rectum, was only partially visible in both supine and prone
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positions, because it was cut off by the CT reconstruction
cylinder at the time when the CT scan was performed.

[0366] There were 30 colonoscopy-confirmed polyps
measuring 5-25 mm in 19% of the cases. Four cases had both
polyps and masses, resulting in a total of 15 polyps and 4
masses. Fifty-six cases (68%) were normal, i.e., a complete
optical colonoscopic examination did not detect any col-
orectal neoplasms in these cases.

[0367] The fuzzy merging method detected all but one of
the intraluminal masses, or 79% of all masses. After the
initial detection step, there were 165 FP initial mass candi-
dates. The two features used to reduce FPs are shown in
FIG. 24A. At the 79% by-mass detection sensitivity level,
the average FP rate based on the leave-one-out evaluation
was 0.16 FPs per patient.

[0368] The wall-thickening analysis detected both of the
non-intraluminal types of masses in the database, as well as
one of the intraluminal circumferential masses with apple-
core morphology. The latter mass resembled the wall-thick-
ening type of non-intraluminal mass, since it obstructed the
colon circumferentially. There were 69 FP initial mass
candidates, but most of these could be eliminated by use of
the quadratic classifier with two features (FIG. 24B). The
resulting FP rate was 0.05 FPs per patient on average. To
characterize the overall performance of the combination of
the fuzzy merging and wall-thickening analysis, we gener-
ated a FROC curve (FIG. 25) by adding the sensitivity and
FP-rate of the wall-thickening analysis to the FROC curve
obtained with the fuzzy merging method. The combined
performance showed approximately 93% by-mass detection
sensitivity (13 out of the 14 masses were detected) with an
average FP rate of approximately 0.21 FPs per patient.

[0369] The FROC curve obtained in this manner is
expected to represent the combined mass detection perfor-
mance well, because the two mass detection methods run
independently and the number of false positives generated
by the wall-thickening analysis is negligible. When only
prone data sets of the patients were used in the mass
detection, the fuzzy merging method detected 10 of the 12
(83%) intraluminal masses, and the wall-thickening method
detected 2 of the 2 (100%) non-intraluminal masses. In
combination, the two methods detected 12 of the 14 (86%)
masses in prone data sets with 0.10 FPs per patient on
average. When only supine data sets were used, the fuzzy
merging method detected 8 of the 12 (67%) intraluminal
masses, and the wall-thickening analysis detected 100% of
the non-intraluminal masses. In combination, the methods
detected 10 of the 14 (71%) masses in supine data sets with
0.61 FPs per patient on average.

[0370] The mass that was missed by both mass detection
methods was located at the rectum and was partially cut off
from the CTC data set in both supine and prone positions
(FIG. 26). The mass can be seen only partially in the last five
CT images of the original data. The fuzzy merging method
failed to identify the mass candidate because the initial
detections on the mass were located within a short distance
and only on one side of the lesion. The wall-thickening
analysis failed to identify the mass because the region of the
mass was too thin to be recognized as a wall thickening.

[0371] To verify that the mass detection methods work
consistently, and to identify potential problems, we also
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analyzed the sources of the FP detections produced by both
mass detection methods. The FP polyp detections generated
by the CAD method for the detection of polyps have been
analyzed similarly in previous studies [49,62] by the present
inventors. The mass detection methods generated only few
false positives. The fuzzy merging method generated 13 FP
mass detections for the 164 data sets. There was no particu-
lar single source of FPs, but 43% of the FPs were associated
with a rectal wall with bump-like structures caused by a
combination of residual stool, hemorrhoids, and extrinsic
compression by the rectal tube. Other sources included a
dilated fold with stool or a dilated ileocecal valve (31%)
(FIG. 27A). The wall-thickening analysis generated only 4
FP detections, and these were all associated with normal
circumferential thickening at the rectum (FIG. 27B).

[0372] Finally, we evaluated the mass detection perfor-
mance of the CAD scheme developed for the detection of
polyps alone, as described below. At a 90% by-polyp detec-
tion sensitivity level, only two of the masses (14%) were
among the final output of the scheme. At a 97% by-polyp
detection sensitivity level, five (36%) of the masses were
among the polyp detections. Therefore, the CAD scheme for
polyp detection cannot be considered effective for the detec-
tion of large masses.

[0373] Both mass detection methods missed a mass that
was partially cut off from the CTC data in both supine and
prone positions. This suggests that a specialized method may
need to be developed for checking for abnormalities within
the boundary regions of the CT data reconstructed from axial
images. On the other hand, both methods were able to detect
masses that were only partially visible due to a colonic
segment collapsing on the mass. In these cases, the complete
region of the mass had been imaged by the CTC scanner,
and, thus, an analysis of the internal structure of the mass
was performed, leading to the detection of the mass.

[0374] In the case of intraluminal masses, the highest
detection performance was obtained when both supine and
prone data sets were used. This is because some masses that
were clearly visible in one position of the patient were
invisible in the other position due to a collapsed region or
residual fluid, as shown in FIG. 28. In particular, in this
study, the performance of the mass detection was higher in
the prone data sets than in the supine data sets. This
imbalance can be explained by the locations of the masses:
75% of the intraluminal masses were located within the
ascending colon, the descending colon, or the rectum.
Because of the anatomy of the colon, these colon segments
tend to have a better distension in the prone position than in
the supine position. Therefore, the use of only supine data
sets provided the lowest detection performance in this study.

[0375] The number of masses used in the evaluation was
relatively small (14 masses in 14 patients). In particular,
most of the masses were of the intraluminal type, and only
two of the masses were of the non-intraluminal type which
was detected by an analysis of the thickness of the colonic
wall. Therefore, even though the evaluation was based on a
leave-one-out evaluation with a large number (164) of CTC
data sets, it is premature to make precise estimates about the
performance of our CAD scheme when it is used with a
larger population. Nevertheless, it appears that the detection
of masses does not affect the result of the polyp detection,
and each type of lesion was identified correctly and pro-
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cessed separately by the corresponding method. In particu-
lar, each detected polyp was identified correctly as a polyp,
and each detected mass was identified correctly as a mass.
The initial results suggest that a high sensitivity and a low
FP rate may be obtained with automated detection of masses.

[0376] The leave-one-out evaluation was performed by
use of by-patient elimination, where all detections of a
patient are removed at each evaluation step, one patient at a
time. The results are expected to estimate the performance of
the CAD scheme in a situation where an unseen case is
presented to the scheme. On the other hand, because of the
relatively small number of masses and polyps, some of the
CTC cases are unique in the sense that similar lesions are not
found in the other cases. Therefore, the leave-one-out per-
formance with by-patient elimination might give an overly
conservative estimate of the performance of the CAD
scheme.

[0377] Although the current implementation of the CAD
scheme has not been optimized for speed and efficiency, it is
relatively fast. The complete process of detecting polyps and
masses starting from the original CT images in DICOM
format and including disk access takes approximately 10
minutes when a PC workstation (Marquis K120-SR, ASL
Inc., Newark, Calif.) with dual processors (Athlon MP 1.2
GHz, AMD, Sunnyvale, Calif.) is used. The detection of
intraluminal masses by the fuzzy merging method takes only
a few seconds, the detection of non-intraluminal lesions
takes about 30 seconds, and the level set extraction takes
about 30 seconds per mass candidate.

[0378] Two methods for the detection of colorectal masses
were developed. The methods can be integrated into a CAD
scheme for the detection of polyps for computational effi-
ciency. All masses but one that was partially cut off from the
CTC data sets were detected at a 93% sensitivity with an
average FP rate of 0.21 detections per patient. No polyp was
missed due to mass detection when a polyp detection
scheme was combined with the mass detection. Integration
of the computerized polyp and mass detection in a single
CAD scheme appears to be a feasible approach to provide a
comprehensive high-performance computer aid for radiolo-
gists in a clinical CTC screening setting.

[0379] The present method can also be implemented more
generally on other medical images of other organs (e.g.,
mammographic breast images, or CT scans of the thorax,
abdomen, or skeletal system) with respect to some other
disease state or state of risk. Nodule or lesion feature values
can readily be obtained from other medical images by those
of ordinary skill in the art. For example, the detection of
nodule or lesion feature values in various medical images is
also well known in this art. See, e.g., U.S. Pat. No. 5,881,124
(Giger et al., Automated method and system for the detec-
tion of lesions in medical computed tomographic scans), the
contents of which are incorporated herein by reference.

[0380] For the purposes of this description an image is
defined to be a representation of a physical scene, in which
the image has been generated by some imaging technology:
examples of imaging technology could include television or
CCD cameras or X-ray, sonar, or ultrasound imaging
devices. The initial medium on which an image is recorded
could be an electronic solid-state device, a photographic
film, or some other device such as a photostimulable phos-
phor. That recorded image could then be converted into
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digital form by a combination of electronic (as in the case of
a CCD signal) or mechanical/optical means (as in the case
of digitizing a photographic film or digitizing the data from
a photostimulable phosphor). The number of dimensions
that an image could have could be one (e.g. acoustic
signals), two (e.g. X-ray radiological images), or more (e.g.
nuclear magnetic resonance images).

[0381] All embodiments of the present invention conve-
niently may be implemented using a conventional general
purpose computer or micro-processor programmed accord-
ing to the teachings of the present invention, as will be
apparent to those skilled in the computer art. Appropriate
software may readily be prepared by programmers of ordi-
nary skill based on the teachings of the present disclosure,
as will be apparent to those skilled in the software art.

[0382] As disclosed in cross-referenced U.S. patent appli-
cation Ser. No. 09/773,636, a computer 900 may implement
the methods of the present invention, wherein the computer
housing houses a motherboard which contains a CPU,
memory (e.g., DRAM, ROM, EPROM, EEPROM, SRAM,
SDRAM, and Flash RAM), and other optional special
purpose logic devices (e.g., ASICS) or configurable logic
devices (e.g., GAL and reprogrammable FPGA). The com-
puter also includes plural input devices, (e.g., keyboard and
mouse), and a display card for controlling a monitor. Addi-
tionally, the computer may include a floppy disk drive; other
removable media devices (e.g. compact disc, tape, and
removable magneto-optical media); and a hard disk or other
fixed high density media drives, connected using an appro-
priate device bus (e.g., a SCSI bus, an Enhanced IDE bus,
or an Ultra DMA bus). The computer may also include a
compact disc reader, a compact disc reader/writer unit, or a
compact disc jukebox, which may be connected to the same
device bus or to another device bus.

[0383] Examples of computer readable media associated
with the present invention include compact discs, hard disks,
floppy disks, tape, magneto-optical disks, PROMs (e.g.,
EPROM, EEPROM, Flash EPROM), DRAM, SRAM,
SDRAM, etc. Stored on any one or on a combination of
these computer readable media, the present invention
includes software for controlling both the hardware of the
computer and for enabling the computer to interact with a
human user. Such software may include, but is not limited
to, device drivers, operating systems and user applications,
such as development tools. Computer program products of
the present invention include any computer readable
medium which stores computer program instructions (e.g.,
computer code devices) which when executed by a computer
causes the computer to perform the method of the present
invention. The computer code devices of the present inven-
tion may be any interpretable or executable code mecha-
nism, including but not limited to, scripts, interpreters,
dynamic link libraries, Java classes, and complete execut-
able programs. Moreover, parts of the processing of the
present invention may be distributed (e.g., between (1)
multiple CPUs or (2) at least one CPU and at least one
configurable logic device) for better performance, reliability,
and/or cost. For example, an outline or image may be
selected on a first computer and sent to a second computer
for remote diagnosis.

[0384] The invention may also be implemented by the
preparation of application specific integrated circuits or by
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interconnecting an appropriate network of conventional [0389]
component circuits, as will be readily apparent to those
skilled in the art. TABLE IIT
[0385] Moreover, parts of the processing of the present Table III: Average differences between the centerlines.
invention may be distributed for better performance, reli-
ability, and/or cost. For example, an outline or image may be Mean Dis- Exten-  Maximum
selected on a first computer and sent to a second computer Refer- placement  sion  Displacement  Standard
for remote diagnosis. ence Slave (mm) (%) (mm) deviation
[0386] Moreover, the invention provides computer pro- A Computer 3.5 03 17 27
gram products storing program instructions for execution on B Computer 40 03 18 29
a computer system, which when executed by the computer c Computer 40 89 19 3.2
system, cause the computer system to perform the methods A B 4.0 98 17 2.7
described herein. B A 38 97 16 2.6

c A 38 93 18 2.9
[0387] Numerous modifications and variations of the A c 40 01 18 39
present invention are possible in light of the above teach- B c 43 93 19 31
ings. It is therefore to be understood that within the scope of c B 42 94 18 29

the appended claims, the invention may be practiced other-

wise than as specifically described herein. A, B, C = human-generated centerlines.

Computer = computer-generated centerline.

TABLE 1

Table I: Effect of colon phantom radius for centerline computation [0390]
efficiency. Kernels scale parameters used by the centerline algorithm
were set to 1.5 for seed points (seedscalefactor) and 1.1 for
regular points (regularscalefactor). Computer used for the experiment

TABLE IV

was an Intel Pentium-based 800 MHz PC.

Table I'V: Average differences between the centerlines
when data were split into three categories -straightforward,

moderate, and challenging cases.

Phantom radius (voxels)

3 10 20 30
Mean Exten-  Maximum
Number of maxima in DT 2952 5587 11598 21838 Refer- displacement sion displacement ~ Standard
Number of maxima used 60 59 56 95 ence Slave (mm) (%) (mm) deviation
Distance map computation time (s) 2.0 2.3 2.9 37 -
Centerline computation time (s) 2.4 2.4 2.7 2.9 Straightforward
Mean displacement (mm) 1.2 2.4 32 6.6
Extension (%) 94 100 100 93 A Computer 3.7 97 17 2.6
Max. displacement (mm) 6.5 9.7 15.7 21.1 g ggzgﬁtg ig g; ig gg
Standard deviation 1.0 2.3 32 5.8 A B 40 09 17 57
B A 4.0 99 16 2.5
C A 39 99 18 2.6
A C 4.2 97 18 3.0
[0388] B C 45 96 19 3.0
C B 4.4 98 19 2.9
TABLE II Moderate
Table II: Effect of different kernel scale parameters for centerline A Computer 3.4 92 16 2.6
computation efficiency. Colon phantom radius was fixed to 15 voxels. B Computer 37 93 16 2.6
Kernel size for regular points (regularscalefactor) was set to C Computer 37 89 18 2.8
70% of the seed point kernel scale factor (seedscalefactor). Computer A B 39 99 15 2.6
used was an Intel Pentium-based 800 MHz PC. B A 38 99 16 25
C A 3.7 96 18 2.6
Seed point kernel scale factor A C 4.1 96 18 3.0
B C 4.2 96 18 2.9
0.1 0.5 1.0 1.5 2.0 c B 39 95 17 2.6
Challenging
Number of maxima 8275 8275 8275 8275 8275
in DT A Computer 3.4 86 17 2.8
Number of maxima 8200 1441 283 56 38 B Computer 3.6 84 17 3.0
used C Computer 3.6 74 19 39
Centerline compu- 20.2 2.7 2.4 2.6 2.6 A B 3.7 95 17 2.8
tation time (s) B A 35 91 17 2.7
Mean displacement 2.7 3.0 3.0 2.9 3.1 C A 3.7 78 19 3.6
(mm) A c 38 77 18 40
Extension (%) 100 100 100 100 100 B C 39 81 19 3.6
Max. displacement 21 21 21 21 14 C B 3.9 82 19 3.4
(mm)
Standard deviation 35 3.7 3.7 35 2.5 A, B, C = human-generated centerlines.

Computer = computer-generated centerline.
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[0391]

TABLE V

Distribution of the 14 masses and
30 polyps among the 82 CTC cases.

cases masses polyps
masses only 10 10 0
masses + polyps 4 4 15
polyps only 12 0 15
normal 56 0 0
total 82 14 30

1. A method of displaying volumetric image data of a
target organ as a visual aid in detecting at least one abnor-
mality in the target organ, comprising:

obtaining the volumetric image data of the target organ,
the volumetric image data including a plurality of
voxels having a respective plurality of image data
values;

determining at least two geometric feature values at each
voxel in the plurality of voxels based on the plurality of
image data values;

determining a colormap by assigning a color to each
possible combination of the at least two geometric
feature values, wherein each assigned color corre-
sponds to a different region type within the target
organ;

determining a display color for each voxel in the plurality
of voxels based on the determined colormap; and

displaying, based on the determined display color for each
voxel in the plurality of voxels, a color image repre-
senting the volumetric image data of the target organ.
2. The method of claim 1, further comprising:

identifying the at least one abnormality based on the
displayed color image.
3. The method of claim 1, wherein the step of determining
the colormap comprises:

selecting a region type of the target organ;

determining combinations of the at least two geometric
feature values that most frequently correspond to the
selected region type; and

assigning a color to each of the determined combinations
of the at least two geometric feature values that corre-
spond to the selected region type.
4. The method of claim 3, wherein the step of determining
the colormap comprises:

obtaining simulated volume data representing the target
organ; and

determining, based on the simulated volume data, the at
least two geometric feature values for each voxel in the
simulated volume data.
5. The method of claim 3, wherein the step of determining
the colormap comprises:

obtaining clinical volume data representing the target
organ; and
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determining, based on the clinical volume data, the at
least two geometric feature values for each voxel in the
clinical volume data.

6. The method of claim 3, further comprising:

repeating the steps of selecting a region type, determining
combinations, and assigning the color for a plurality of
region types of the target organ; and

assigning a color for each possible combination of the at
least two geometric feature values not associated with
the selected region types by interpolating the colors
assigned to the selected region types.
7. The method of claim 1, wherein the step of determining
the at least two geometric features comprises:

determining, based on the plurality of image data values,
a first index at each voxel, the first index being indica-
tive of a local shape at each respective voxel; and

determining, based on the plurality of image data values,
a second index at each voxel, the second index being
indicative of a local scale at each respective voxel.
8. The method of claim 7, wherein the step of determining
the first index comprises:

determining a shape index at each voxel, the shape index
being indicative of a local topology at each respective
voxel.
9. The method of claim 7, wherein the step of determining
the second index comprises:

determining a curvedness index at each voxel, the curved-
ness index being indicative of a magnitude of a local
curvature at each respective voxel.

10. The method of claim 1, further comprising:

detecting an abnormality region in the target organ based
on calculated feature values at each voxel in the plu-
rality of voxels,

wherein the displaying step further comprises displaying

the detected abnormality region in a predetermined
color.

11. The method of claim 1, wherein the obtaining step
comprises:

obtaining a set of cross-sectional images of the target
organ;

obtaining a set of voxels representing a total scanned
volume from the set of cross sectional images; and

performing segmentation to extract, from the set of voxels

representing the total scanned volume, the plurality of

voxels in the volumetric image data of the target organ.

12. A system for displaying volumetric image data of a

target organ as a visual aid in detecting at least one abnor-
mality in the target organ, comprising:

a mechanism for obtaining the volumetric image data of
the target organ, the volumetric image data including a
plurality of voxels having a respective plurality of
image data values;

a mechanism for determining at least two geometric
feature values at each voxel in the plurality of voxels
based on the plurality of image data values;

a mechanism for determining a colormap by assigning a
color to each possible combination of the at least two
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geometric feature values, wherein each assigned color
corresponds to a different region type within the target
organ;

mechanism for determining a display color for each
voxel in the plurality of voxels based on the determined
colormap; and

mechanism for displaying, based on the determined
display color for each voxel in the plurality of voxels,
a color image representing the volumetric image data of
the target organ.

13. The system of claim 12, further comprising:

a mechanism for identifying the at least one abnormality
based on the displayed color image.
14. The system of claim 12, wherein the mechanism for
determining the colormap comprises:

a mechanism for selecting a region type of the target
organ;

a mechanism for determining combinations of the at least
two geometric feature values that most frequently cor-
respond to the selected region type; and

a mechanism for assigning a color to each of the deter-
mined combinations of the at least two geometric
feature values that correspond to the selected region
type.

15. The system of claim 14, wherein the mechanism for

determining the colormap comprises:

a mechanism for obtaining simulated volume data repre-
senting the target organ; and

a mechanism for determining, based on the simulated
volume data, the at least two geometric feature values
for each voxel in the simulated volume data.

16. The system of claim 14, wherein the mechanism for

determining the colormap comprises:

a mechanism for obtaining clinical volume data repre-
senting the target organ; and

a mechanism for determining, based on the clinical vol-
ume data, the at least two geometric feature values for
each voxel in the clinical volume data.

17. The system of claim 12, wherein the mechanism for

determining the at least two geometric features comprises:

a mechanism for determining, based on the plurality of
image data values, a first index at each voxel, the first
index being indicative of a local shape at each respec-
tive voxel; and

a mechanism for determining, based on the plurality of
image data values, a second index at each voxel, the
second index being indicative of a local scale at each
respective voxel.

18. The system of claim 17, wherein the mechanism for

determining the first index comprises:

a mechanism for determining a shape index at each voxel,
the shape index being indicative of a local topology at
each respective voxel.

19. The system of claim 17, wherein the mechanism for

determining the second index comprises:
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a mechanism for determining a curvedness index at each
voxel, the curvedness index being indicative of a mag-
nitude of a local curvature at each respective voxel.

20. The system of claim 12, further comprising:

a mechanism for detecting an abnormality region in the
target organ based on calculated feature values at each
voxel in the plurality of voxels,

wherein the mechanism for displaying further comprises
a mechanism for displaying the detected abnormality
region in a predetermined color.
21. The system of claim 12, wherein the mechanism for
obtaining comprises:

a mechanism for obtaining a set of cross-sectional images
of the target organ;

a mechanism for obtaining a set of voxels representing a
total scanned volume from the set of cross sectional
images; and

a mechanism for performing segmentation to extract,
from the set of voxels representing the total scanned
volume, the plurality of voxels in the volumetric image
data of the target organ.

22. A system for displaying volumetric image data of a

target organ as a visual aid in detecting at least one abnor-
mality in the target organ, comprising:

an image acquisition unit configured to obtain the volu-
metric image data of the target organ, the volumetric
image data including a plurality of voxels having a
respective plurality of image data values;

a processor configured (1) to determine at least two
geometric feature values at each voxel in the plurality
of voxels based on the plurality of image data values,
(2) to determine a colormap by assigning a color to
each possible combination of the at least two geometric
feature values, wherein each assigned color corre-
sponds to a different region type within the target organ,
and (3) to determine a display color for each voxel in
the plurality of voxels based on the determined color-
map; and

a display unit configured to display a color image repre-
senting the volumetric image data of the target organ,
based on the determined display color for each voxel in
the plurality of voxels.

23. A computer program product configured to store

plural computer program instructions which, when executed
by a computer, cause the computer perform the steps of:

obtaining the volumetric image data of the target organ,
the volumetric image data including a plurality of
voxels having a respective plurality of image data
values;

determining at least two geometric feature values at each
voxel in the plurality of voxels based on the plurality of
image data values;

determining a colormap by assigning a color to each
possible combination of the at least two geometric
feature values, wherein each assigned color corre-
sponds to a different region type within the target
organ;
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determining a display color for each voxel in the plurality
of voxels based on the determined colormap; and

displaying, based on the determined display color for each

voxel in the plurality of voxels, a color image repre-

senting the volumetric image data of the target organ.

24. The computer program product of claim 23, further
comprising:

identifying the at least one abnormality based on the
displayed color image.
25. The computer program product of claim 23, wherein
the step of determining the colormap comprises:

selecting a region type of the target organ;

determining combinations of the at least two geometric
feature values that most frequently correspond to the
selected region type; and

assigning a color to each of the determined combinations
of the at least two geometric feature values that corre-
spond to the selected region type.
26. The computer program product of claim 25, wherein
the step of determining the colormap comprises:

obtaining simulated volume data representing the target
organ; and

determining, based on the simulated volume data, the at
least two geometric feature values for each voxel in the
simulated volume data.
27. The computer program product of claim 25, wherein
the step of determining the colormap comprises:

obtaining clinical volume data representing the target
organ; and

determining, based on the clinical volume data, the at
least two geometric feature values for each voxel in the
clinical volume data.
28. The computer program product of claim 25, further
comprising:

repeating the steps of selecting a region type, determining
combinations, and assigning the color for a plurality of
region types of the target organ; and

assigning a color for each possible combination of the at
least two geometric feature values not associated with
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the selected region types by interpolating the colors
assigned to the selected region types.
29. The computer program product of claim 23, wherein
the step of determining the at least two geometric features
comprises:

determining, based on the plurality of image data values,
a first index at each voxel, the first index being indica-
tive of a local shape at each respective voxel; and

determining, based on the plurality of image data values,
a second index at each voxel, the second index being
indicative of a local scale at each respective voxel.
30. The computer program product of claim 29, wherein
the step of determining the first index comprises:

determining a shape index at each voxel, the shape index
being indicative of a local topology at each respective
voxel.
31. The computer program product of claim 29, wherein
the step of determining the second index comprises:

determining a curvedness index at each voxel, the curved-
ness index being indicative of a magnitude of a local
curvature at each respective voxel.
32. The computer program product of claim 23, further
comprising:

detecting an abnormality region in the target organ based
on calculated feature values at each voxel in the plu-
rality of voxels,

wherein the display step further comprises displaying the

detected abnormality region in a predetermined color.

33. The computer program product of claim 23, wherein
the obtaining step comprises:

obtaining a set of cross-sectional images of the target
organ;

obtaining a set of voxels representing a total scanned
volume from the set of cross sectional images; and

performing segmentation to extract, from the set of voxels
representing the total scanned volume, the plurality of
voxels in the volumetric image data of the target organ.



