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(7) ABSTRACT

Candidate anomalies in an anatomical structure are pro-
cessed for classification. For example, false positives can be
reduced by techniques related to the anomaly’s neck, wall
thickness associated with the anomaly, template matching
performed for the anomaly, or some combination thereof.
The various techniques can be combined for use in a
classifier, which can determine whether the anomaly is of
interest. For example, a computed tomography scan of a
colon can be analyzed to determine whether a candidate
anomaly is a polyp. The technologies can be applied to a
variety of other scenarios involving other anatomical struc-
tures.
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COMPUTER-AIDED CLASSIFICATION OF
ANOMALIES IN ANATOMICAL STRUCTURES

CROSS-REFERENCE TO RELATED
APPLICATION

[0001] This application claims the benefit of U.S. Provi-
sional Patent Application No. 60/415,308, filed Sep. 30,
2002, by Summers et al., entitled “COMPUTER-AIDED
CLASSIFICATION OF ANOMALIES IN ANATOMICAL
STRUCTURES,” which is hereby incorporated by refer-
ence.

FIELD

[0002] The field relates to automated analysis of digital
representations of anatomical structures.

BACKGROUND

[0003] Due to the availability of technology for non-
invasive observation of soft tissues of the human body,
significant advances have been made in the field of medi-
cine. For example, a number of machines now make it
possible to routinely observe anatomical structures such as
the heart, colon, bronchus, and esophagus.

[0004] Due to widespread availability of skilled techni-
cians and reduction in cost of the necessary equipment,
non-invasive observations can now be employed as a part of
routine preventive medicine via periodic examinations. The
availability of such non-invasive capabilities both reduces
the risk of observation-related injury or complication and
reduces discomfort and inconvenience for the observed
patient. As a result, patients tend to allow observation to be
done more frequently, and medical conditions requiring
attention can be detected early. For example, anomalies in an
anatomical structure can be identified and diagnosed at an
carly stage, when treatment is more likely to be successful.

[0005] In one popular observation technique called “Com-
puted Tomography Imaging” (“CT Scan”), multiple two-
dimensional image slices are taken of a particular section of
the patient’s body. A physician can then analyze the slices to
detect any anomalies within the observed section. Out of the
anomalies found, the physician can judge which are anoma-
lies of interest requiring further attention or treatment.

[0006] To assure adequate coverage of the section being
observed, a large number of slices can be obtained to
increase the observation resolution. However, as the number
of slices increases, the amount of data presented to the
physician becomes overwhelming. Accordingly, various
software technologies have been applied with some success
to aid the physician in analyzing the data to find anomalies.

[0007] Although progress has been made in employing
software to assist in detection of anomalies in anatomical
structures, there are significant limitations to the current
techniques. For example, one problem consistently plaguing
such systems is the overabundance of false positives.

[0008] Typically, the software approach correctly identi-
fies anomalies of interest (i.e., the software exhibits superior
sensitivity). However, the software also tends to incorrectly
identify too many anomalies as anomalies of interest (i.e.,
the software exhibits poor selectivity). An anomaly incor-
rectly identified as an anomaly of interest is sometimes
called a “false positive.”
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[0009] False positives are troublesome because any iden-
tified positives must be considered and evaluated by a
human classifier (e.g., the physician). Even if the physician
can quickly dismiss an anomaly as a false positive, too many
false positives consume an inordinate amount of time and
limit the usefulness of the software-based approach.

[0010] There thus remains a need for a way to improve the
computer-based approaches for identifying anomalies of
interest in anatomical structures. For example, selectivity
can be improved.

SUMMARY

[0011] Embodiments described herein include methods
and systems for analyzing a digital representation of an
anatomical structure to classify anomalies in the anatomical
structure. For example, an anomaly can be classified as of
interest (e.g., a likely polyp or lesion requiring further
evaluation and consideration) or not of interest (e.g., an
anomaly such as a false positive or a misidentified normal
feature that does not require further evaluation).

[0012] In some embodiments, a set of one or more can-
didate anomalies is processed via a number of techniques to
collect various characteristics of the anomalies. A software
classifier can use the characteristics to classify an anomaly
in the set (e.g., as of interest or not of interest).

[0013] Insome embodiments, the neck of an anomaly can
be identified. The neck can then be analyzed to collect a set
of one or more neck characteristics. Based on the neck
characteristics, a software classifier can make a more accu-
rate classification.

[0014] In some embodiments, the wall thickness associ-
ated with an anomaly can be analyzed and normalized.
Based on normalized wall thickness, a software classifier
can make a more accurate classification.

[0015] In some embodiments, template matching can be
performed to determine whether the anomaly matches one or
more templates. Again, the template matching characteris-
tics can be used by a software classifier for more accurate
classification of a candidate anomaly. Template matching
can also be used to eliminate certain areas from consider-
ation.

[0016] Any of the above characteristics can be used as
input to a classifier, such as a rule-based system, a neural
network, or a support vector machine. The classifier can
draw upon the various characteristics to provide a classifi-
cation of the candidate anomalies (e.g., as being of interest
or not being of interest).

[0017] The technologies can be applied to any of a variety
of anatomical structures, such as the colon, bronchus, blood
vessels, bladder, urinary tract, billiary tract, cerebrospinal
spinal fluid containing spaces of the brain, paranasal sinuses,
chambers of the heart, or the like.

[0018] Additional features and advantages of the inven-
tion will be made apparent from the following detailed
description of illustrated embodiments, which proceeds with
reference to the accompanying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

[0019] FIG. 1 is a flowchart showing an exemplary
method for detecting anomalies of interest in an anatomical
structure.
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[0020] FIG. 2 is a flowchart showing an exemplary
method for analyzing a representation of an anatomical
structure to detect anomalies of interest in the anatomical
structure.

[0021] FIG. 3 depicts an exemplary candidate anomaly of
interest and the neck associated therewith.

[0022] FIG. 4 depicts an exemplary candidate anomaly of
interest and wall thickness associated therewith.

[0023] FIG. 5 is a flowchart showing an exemplary
method for measuring characteristics associated with an
anomaly neck.

[0024] FIG. 6 is a flowchart showing an exemplary
method for identifying an anomaly neck.

[0025] FIGS. 7A-7D are views of exemplary candidate
anomalies having exemplary curvatures.

[0026] FIG. 8 is a flowchart showing an exemplary
method for measuring wall thickness.

[0027] FIG. 9 is a graph showing an exemplary intensity
profile.

[0028] FIGS. 10 and 11 are a flowchart showing an
exemplary method for calculating wall thickness.

[0029] FIGS. 12A-12D are graphs of exemplary intensity
profiles used to calculate wall thickness.

[0030] FIGS. 13A-13C are further graphs of exemplary
intensity profiles used to calculate wall thickness.

[0031] FIG. 14 is a flowchart of an exemplary method for
implementing template matching to classify a candidate
anomaly.

[0032] FIGS. 15, 16, and 17 are views of exemplary
templates for template matching techniques.

[0033] FIG. 18 is a view of an exemplary template for
rectal tube removal.

[0034] FIG. 19 is a view of a graphical depiction pre-
sented for identification of anomalies of interest.

[0035] FIG. 20 is a block diagram of an exemplary
computer system for implementing the described technolo-
gies.

DETAILED DESCRIPTION
[0036] Definitions

[0037] An anomaly of interest includes any abnormal
feature occurring in an anatomical structure. Anomalies can
include surface anomalies (e.g., wall surface anomalies). For
example, anomalies of interest include any number of can-
cerous or pre-cancerous growths, lesions, polyps, or other
features. In a fully automated system, the location or image
of an anomaly of interest can be provided as a result. In a
system with user (e.g., physician) assistance, the anomaly of
interest can be presented to the user for confirmation or
rejection of the anomaly as being of interest. Those anoma-
lies confirmed as of interest can then be provided as a result.

[0038] Classifying includes designating an anomaly as of
interest or designating an anomaly as not of interest (e.g.,
disqualifying a candidate anomaly as being of interest). For
example, in the case of a virtual colon, an anomaly can be
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classified as a polyp. In the example of a virtual bronchus,
an anomaly can be classified as a lesion.

[0039] A representation of an anatomical structure
includes any digital representation of an anatomical struc-
ture (or portion thereof) stored for processing in a digital
computer. For example, representations can include two- or
three-dimensional representations of an anatomical structure
stored as an image via a variety of data structures. Repre-
sentations can be composed of pixels, voxels, or other
elements. Such a representation is sometimes called “vir-
tual” (e.g., a “virtual colon”) because it is a digital repre-
sentation that can be analyzed to learn about the represented
anatomical structure.

[0040] Overview of Technologies for Detecting Anoma-
lies of Interest

[0041] An overview of an exemplary method 100 for
detecting anomalies of interest in an anatomical structure is
shown in FIG. 1. The actions shown in the method 100 can
be performed in computer software.

[0042] At 112, a representation of the anatomical structure
is acquired. For example, a CT scan can be taken of a human
patient to acquire image slices of the patient’s colon. Various
preprocessing can be performed on the representation as
desired. For example, the slices can be combined to form a
three-dimensional image.

[0043] At 122, the representation is analyzed to detect
anomalies of interest. For example, in the case of a virtual
colon, polyps can be detected.

[0044] At 132, the results are provided. For example, sites
where anomalies of interest appear can be presented for
consideration by a physician.

[0045] Overview of Representations of Anatomical Struc-
tures

[0046] Acquisition of a representation of an anatomical
structure is typically done by performing a scan of the soft
tissues of the patient. For example, a CT scan can be
performed according to any number of standard protocols.
CT scans can be used to generate thin-section CR data (e.g.,
helical scan CT data). The representation can be analyzed
immediately after the scan, or the representation can be
stored for later retrieval and analysis. Exemplary techniques
for acquiring scans are described in Vining et al., “Virtual
Colonoscopy,”Radiology 193(P):446 (1994), Vining et al.,
“Virtual Bronchoscopy,”Radiology 193(P):261 (1994), and
Vining et al., “Virtual bronchoscopy. Relationships of virtual
reality endobronchial simulations to actual bronchoscopic
findings”Chest 109(2):549-553 (February 1996), all of
which are hereby incorporated herein by reference.

[0047] Any number of hardware implementations can be
used to acquire a representation of an anatomical structure.
For example, the GE Advantage (e.g., high speed) scanner of
GE Medical Systems, Milwaukee, Wis. can be used.

[0048] Overview of Analyzing a Representation of an
Anatomical Structure to Detect Candidate Anomalies of
Interest

[0049] An overview of an exemplary method 200 for
analyzing a representation of an anatomical structure to
detect anomalies of interest in the anatomical structure is
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shown in FIG. 2. The actions shown in the method 200 can
be performed in computer software.

[0050] At 212, candidate anomalies of interest are
detected in the representation of the anatomical structure.
For example, curvatures related to the structure can be
computed and portions of the structure exhibiting a particu-
lar curvature type can be designated as a candidate anomaly
of interest.

[0051] At 222 one or more characteristics of the detected
candidate anomalies of interest are calculated. For example,
size, shape, or any number of other characteristics may be
relevant.

[0052] At 232, based on the characteristics of the candi-
date anomalies, the candidate anomalies are classified. For
example, the candidate can be classified as “of interest” or
not “of interest.” Sometimes such classification is described
as “eliminating false positives.” Classification can be done
in many ways. For example, a candidate anomaly of interest
may be designated as “of interest” only if it meets certain
criteria or is so classified by a software classifier. Or, the
candidate anomalies can be ranked according to a scoring
system.

[0053] Exemplary Characteristics of Candidate Anomalies
of Interest

[0054] Exemplary characteristics of candidate anomalies
of interest include those related to the anomaly’s neck,
normalized wall thickness associated with the anomaly, and
template matching. Given a representation of an anatomical
structure or a region of such representation associated with
a candidate anomaly of interest, software can calculate any
number of these or other characteristics for use in classifi-
cation of the candidate anomaly of interest.

[0055] Overview of Anomaly Neck Characteristics

[0056] FIG. 3 shows a portion 300 of a representation of
an anatomical structure that includes an exemplary anomaly
312 and a neck 322 associated therewith. Candidate anoma-
lies of interest can be processed by software to first identify
the neck 322 and then measure various characteristics of the
neck.

[0057] The neck 322 can be identified in any of a number
of ways, such as finding areas of hyperbolic curvature
associated with the candidate anomaly of interest 312 or
using deformable models. Characteristics to be measured
can include size (e.g., height, circumference, area enclosed
by the neck), angle, orientation, irregularity, curvature, or
relation of neck to adjacent haustral folds, if applicable.

[0058] Identification of the neck 322 (or failure to identify
the neck 322) and any of the neck characteristics can then be
used to advantage during classification of the candidate
anomaly of interest 312.

[0059] Overview of Automated Wall Thickness Measure-
ment

[0060] A variety of automated techniques can be used to
measure wall thickness associated with an anomaly. One
such technique is described in Vining et al., U.S. Pat. No.
5,920,319, filed Jul. 6, 1999, entitled “Automatic analysis in
virtual endoscopy,” which is hereby incorporated by refer-
ence herein. However, a number of issues arise when
calculating wall thickness.
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[0061] FIG. 4 shows a portion 400 of a representation of
an anatomical structure including a candidate anomaly of
interest 412 which is located on a wall 422 of the anatomical
structure. It may be desirable to measure wall thickness at a
variety of locations (e.g., 422, 432A, 432B, and 4320),
including the wall thickness at the anomaly 412 itself.

[0062] One way to measure wall thickness is to extend a
normal 442 to an approximating surface of the inner edge
452 of the wall. Voxel intensity along the normal can be
measured to identify the location of the inner edge 452 of the
wall and the outer edge 454 of the wall, from which wall
thickness can be calculated.

[0063] At the outset, it should be noted that constructing
the normal 442 can be challenging. Various techniques (e.g.,
gradients and patch fitting) can be used to assist in con-
structing the normal 442.

[0064] Further, identifying the location of the inner edge
452 of the wall or the outer edge 454 of the wall within the
digital representation 400 can be problematic due to blend-
ing with adjacent structures and other tissues. Due to the
environment in which the anatomical structure resides (e.g.,
the human body), the wall boundaries are often not clear. A
number of rules can be constructed to assist in accurately
finding the locations so wall thickness can be properly
calculated, and initial assessments may need to be corrected.

[0065] Overview of Automated Wall Thickness Normal-
ization

[0066] One technique of assessing wall thickness is to
normalize the thickness. For example, a plurality of wall
thickness measurements (e.g., using the techniques
described herein) at a plurality of sites regional (e.g., proxi-
mate) to a particular wall site can be made. The normalized
wall thickness can then be calculated according to a formula,
such as (1):

Wp — Wg (69)]

[0067] where Wy is wall thickness at a particular site, Wy
is regional wall thickness, and oy is the standard deviation
of the regional wall thickness values.

[0068] Various techniques for finding regional wall thick-
ness can be used. For example, an annulus around a candi-
date anomaly of interest can be used.

[0069] The normalized wall thickness measurements asso-
ciated with a candidate anomaly of interest can then be fed
to a classifier by which the candidate anomaly of interest is
classified. An atlas of normal wall thicknesses can be used
to further advantage (e.g., based on gender, age, or body
habitus).

[0070] The technique of wall thickness normalization can
also be useful when depicting the representation of the
anatomical structure for consideration by a human observer
(e.g., to a physician). For example, regions proximate to an
identified anomaly or the anomaly itself can be depicted in
color(s) based on the normalized wall thickness of the region
to assist in drawing the physician’s eye to regions having a
potential anomaly of interest.
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[0071] Overview of Automated Template Matching

[0072] Another measurement useful for classification can
be performed via template matching. Generally, a template
can be developed that shares shape characteristics with
known anomalies of interest. A candidate anomaly of inter-
est can then be compared to the template to obtain a
measurement.

[0073] Templates can be two- or three-dimensional and
typically are capable of being matched against a candidate
anomaly of interest to determine how the anomaly is to be
classified. The digital template can be shifted, rotated, or
sized as appropriate depending on circumstances. Nonrigid
template matching can be acquired including other transfor-
mations (e.g., affine and non-affine) so that other shapes of
interest can be detected.

[0074] As a byproduct of template matching, other useful
measurements can be collected, such as finding the center of
a candidate anomaly of interest, the radius of the anomaly,
the orientation of the anomaly, and the cross-sectional area
or volume of the anomaly.

[0075] Another useful scenario to which template match-
ing can be applied is to eliminate from consideration regions
of the digital representation known not to be of interest. For
example, in a colonography scenario, a template of the rectal
tube can be used to eliminate the rectal tube from consid-
eration.

[0076] Overview of Automated Classification of Candi-
date Anomalies of Interest

[0077] Any of the characteristics described herein can be
measured and used for classifying candidate anomalies of
interest via a software classifier. A variety of thresholds can
be set based on observed performance of the classifier.

[0078] The software classifier can take the form of a
rule-based system, a neural network, or a support vector
machine. The classifier can draw upon the various charac-
teristics described herein to classify the candidate anoma-
lies. Specialized classifiers can be implemented to classify
anomalies within a particular anatomical structure (e.g.,
colon, bronchus, and the like).

[0079] Overview of Presenting Results

[0080] Candidate anomalies of interest confirmed as being
of interest can be provided in a number of ways. For
example, they can be presented in a digital gallery of images.
Color coding can be used to indicate which region of an
anomaly was determined to be the anomaly neck.

[0081] Details of Exemplary Implementation:
[0082] Detecting Candidate Anomalies of Interest

[0083] Any number of techniques can be used to analyze
a representation of an anatomical structure to detect candi-
date anomalies of interest. One such technique uses curva-
ture and is described in U.S. Pat. No. 6,246,784 to Summers
et al., filed Aug. 18, 1998, and entitled “Method for Seg-
menting Medical Images and Detecting Surface Anomalies
in Anatomical Structures,” which is hereby incorporated
herein by reference. Any other approach capable of detecting
anomalies in a representation of an anatomical structure can
be used as an alternative.
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[0084] The set of anomalies detected by such an approach
can be considered candidate anomalies of interest for any of
the technologies described herein. Characteristics of the
candidates can then be measured as described below and
used to classify the candidates (e.g., as “of interest” or “not
of interest”).

[0085] Details of Exemplary Implementation: Anomaly
Neck

[0086] An overview of an exemplary method 500 for
measuring characteristics associated with an anomaly neck
is shown in FIG. 5. The method can be performed in
software. At 512, the anomaly neck is identified. For
example, the area proximate an anomaly can be searched to
find locations designated as part of the neck. At 522, one or
more characteristics of the identified neck are measured.

[0087] An exemplary method 600 for identifying a neck,
such as described in 512 above is shown in FIG. 6. The
method can be performed by software.

[0088] At 612, the location of an anomaly is established.
For example, the boundary of a region designated by an
anomaly detector can be established. In the example of an
anomaly detected by identifying elliptical curvature of the
peak type, the boundary of the region exhibiting elliptical
curvature of the peak type can be used. For example, a
closed loop around the region can be drawn by software. Or,
a region (e.g., center point) within such curvature can be
used.

[0089] At 622, the region is expanded. For example, a
series of subsequent loops (e.g., while preserving continuity
by the loop) can be formed further away from the original
region (e.g., the region having elliptical curvature of the

peak type).

[0090] At 632, a test is made to sce if the region has been
sufficiently expanded. For example, a pre-determined maxi-
mum distance can be used. Instead of using Euclidean
distance, the distance can be measured along the surface
(e.g., the smallest distance between a point of a loop defining
the region and any point on the boundary of the original
region). If the region has not been sufficiently expanded,
expansion continues at 622.

[0091] After the region has been sufficiently expanded, the
neck is identified within the region at 642. The identification
need not be a separate action as shown; it can be done in
concert with the earlier actions (e.g., while expanding the
region). Instead of using the loop process described, deform-
able models can be used.

[0092] To identify the neck, curvature criteria can be used.
For example, those points on the loops described above
having hyperbolic curvature (e.g., a saddle point) within a
pre-designated range can be included in the anomaly neck.

[0093] Having identified the neck, one or more character-
istics of the neck can be measured. Exemplary neck char-
acteristics include the following: neck size, neck height,
circumference of neck, area enclosed by neck, angle of neck,
orientation of neck, irregularity of neck, curvature of neck,
and relation of neck to adjacent haustral folds (e.g., whether
abutting a fold or on a fold).

[0094] As a by-product of measuring certain characteris-
tics of the anomaly neck, various other characteristics
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related to the anomaly can be measured. For example, when
determining the orientation of the neck, a plane can be fit to
the circumference of the neck. Fitting a plane to the circum-
ference of the neck can then be used to determine the base
of the anomaly for purposes of measuring the depth of
protrusion of the anomaly or the anomaly height.

[0095] TIrregularity of the neck can be measured. For
example, a fractal technique or some other measure of
jaggedness can be used.

[0096] Curvature assessment can take a variety of forms.
For example, Gaussian curvature, mean curvature, principal
curvature, shape index, and curvedness can be derived by
processing curvature values. In a scenario involving a three-
dimensional representation, such measurements can be cal-
culated using partial derivatives, finite differences, convo-
lution kernels, or by fitting of approximating curves or
surfaces. For example, if a neck angle for an anomaly is
acute, the maximum principal curvature may be large, and
such a measurement can be used to distinguish a true
positive from a false positive.

[0097] The above techniques can also be used in scenarios
involving a two-dimensional representation of an anatomi-
cal structure. In such scenarios, the anomaly, adjacent wall,
or interface with a lumen of the anatomical structure can be
segmented (e.g., via an edge detection filter). Then, the angle
made by the junction of the fleshy portion of the anomaly
and the inner edge of the wall of the anatomical structure can
be measured. Alternatively, or in addition, isosurface and
level set techniques can be used to identify the desired edge
of the anomaly and the inner anatomical structure wall.

[0098] Measurement can also or alternatively be per-
formed at locations other than the junction described above.
For example, measurement can be made within the junction,
adjacent to the junction, within the anomaly, or on the
anatomical structure wall, along an outer edge of the wall, or
in close proximity to the wall or the anomaly.

[0099] The minimum principal curvature can also be used
to assess anomaly size. Also, by fitting the anomaly base to
a shape (e.g., an ellipse), the eccentricity or aspect ratio can
be measured, which can be useful for distinguishing anoma-
lies of interest from folds in the anatomical structure.

[0100] Any of the above neck or other measurements can
be used to classify or assist in classifying a candidate
anomaly (e.g., with any of the classifiers described herein).
For example, in the case of a virtual colon, the neck or other
measurements can be used to classify or assist in classifying
an anomaly as a polyp.

[0101] Exemplary Implementation: Maximum Principal
Curvature of Polyp Neck

[0102] A set of over 24,000 anomalies known to be false
positives and 38 anomalies known to be true positives in
colon-related data were analyzed by measuring the maxi-
mum principal of the anomaly (e.g., polyp) neck. The arca
under the ROC curve for the average value of the maximum
principal curvature of the neck was 0.67.

[0103] Details of Exemplary Implementation: Exemplary
Curvatures

[0104] Views of exemplary candidate anomalies of inter-
est are shown in FIGS. 7A-7D. A side view of a candidate
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anomaly of interest 710 is shown in FIG. 7A. Some regions
(e.g., surfaces) 712 and 714 of the anomaly 710 have
elliptical curvature of the peak type, and such elliptical
curvature can be used by the software to identify the
candidate anomaly when processing a digital representation
of an anatomical structure. Other regions (e.g., surfaces) 716
and 718 have hyperbolic curvature and are thus identified as
being part of the anomaly neck.

[0105] Atop view of the candidate anomaly of interest 710
is shown in FIG. 7B. Again, the same regions (e.g., surfaces)
712 and 714 of the anomaly 710 have elliptical curvature of
the peak type, and such elliptical curvature can be used by
the software to identify the candidate anomaly. Other same
regions (e.g., surfaces) 716A, 716B, 718A, and 718B have
hyperbolic curvature and are thus identified as being part of
the anomaly neck. In the example, the candidate 710 was
classified as an anomaly of interest (e.g., a polyp or “true
positive™).

[0106] A side view of a candidate anomaly of interest 730
is shown in FIG. 7C. Some regions (e.g., surfaces) 732 and
734 of the anomaly 710 have elliptical curvature of the peak
type, and the software can identify such regions to identify
the candidate anomaly. Other regions (e.g., surfaces) 736
and 738 have hyperbolic curvature and are thus identified as
being part of the anomaly neck.

[0107] Atop view of the candidate anomaly of interest 730
is shown in FIG. 7D. The same regions (e.g., surfaces) 732
and 734 of the anomaly 730 have elliptical curvature of the
peak type, and the software can identify such regions to
identify the region as a candidate anomaly. The other same
regions (e.g., surfaces) 736 and 738 of the anomaly 730 have
hyperbolic curvature and are thus identified as being part of
a neck of the anomaly 730. In the example, the candidate
730 was classified as an anomaly not of interest (e.g., a
“false positive”).

[0108] The candidate 710 is classified as an anomaly of
interest because the curvature of the neck (e.g., regions 716,
716A, 726B, 718, 718A, and 718B) is greater than that of
730 (e.g., regions 736 and 738). For example, the region 736
is less highly curved than the region 718. Although the
example in FIG. 7A shows that the head of the candidate
710 is larger than the diameter of the neck, such is not
necessary for classification as an anomaly of interest. For
example, a key attribute for classification can be curvature
of the neck.

[0109] Details of Exemplary Implementation: Measuring
Wall Thickness

[0110] The ability to accurately measure wall thickness
can be beneficial for various of the techniques described
herein. Such measurements are often challenging because
other structures or features in the digital representation of an
anatomical structure make it difficult to determine the ori-
entation of the wall and the location of the inner and outer
portions (e.g., boundaries) of the wall.

[0111] One possible way to measure wall thickness is to
draw a normal to the wall and then evaluate the intensity of
voxels or pixels along the wall. An exemplary method 800
for measuring wall thickness is shown in FIG. 8. The
method 800 can be performed by software.
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[0112] At 812, a normal to the wall being measured is
calculated. For example, given a point, a ray is drawn
through the wall perpendicular to the wall (e.g., perpendicu-
lar to the wall surface).

[0113] At 822, an intensity profile is generated. For
example, voxel intensities along the normal can be mea-
sured.

[0114] At 842, the intensity profile is evaluated to deter-
mine wall thickness. Because the initial point from which
the normal is drawn may be in a void (e.g., air 460 of FIG.
4) or within the anatomical structure walls (e.g., between the
inner edge 452 of the wall and the outer edge 454 of the wall
of FIG. 4), analysis of the intensity profile can be done to
allow for such scenarios as well as other scenarios.

[0115] An exemplary intensity profile 900 is shown in
FIG. 9. The x-axis represents distance away from the
starting point (e.g., point 470 of FIG. 4) along the normal,
and the y-axis represents the voxel intensity at a point on the
normal at such a distance. Typically, a higher intensity
indicates higher density within the anatomical structure. So,
for example, a very low intensity typically indicates a void
or air. Using various thresholds and rules, a point 921 on the
profile representing the inner edge of the wall can be
calculated, and a point 922 on the profile representing the
outer edge of the wall can be calculated. The wall thickness
can then be calculated by computing the distance 932
between the two points. The region 940 represents a region
of the digital representation beyond (e.g., outside) the wall.
For example, the region 940 might indicate another portion
of the anatomical structure if the structure winds (e.g., folds)
onto itself.

[0116] With reference to FIG. 4, gradients can be com-
puted to determine the normal 442. For example, average
gradients over small regions can be computed. Alternatively,
a computed center line 462 can be computed from which the
normal 442 can be generated by measuring perpendicular
lines.

[0117] Other techniques, such as fitting surface patches
(e.g., b-spline or other approximating patches) to the inner
edge 452 of the wall or the outer edge 454 of the wall, the
anomaly 412 or within close proximity thereto can be used.
Differentiation, cross products of vectors lying within a
plane tangent to the point of interest, or other mathematical
methods can then be used to compute the normal 442.

[0118] Having calculated the normal 442, the location of
the inner edge 452 of the wall (e.g. an inner surface) can be
identified. The precise location of the inner edge of the wall
is sometimes uncertain due to volume averaging artifact and
blending of adjacent structures within a voxel. Such adjacent
structures may be large relative to the thickness of the wall.
Various rules can be used to evaluate the intensity profile.

[0119] For example, in situations where the voxel intensity
along the ray (e.g., from the point 442) reaches that of water
or soft tissue density (e.g., 0 HU to 60 HU), the inner edge
of the wall of the anatomical structure can be set at a point
midway between that of air (-1,000 to -1,024 HU) and soft
tissue (0 to 60 HU). However, when voxel intensities along
the ray do not reach soft tissue intensity and when volume
averaging artifact is suspected, the location of the inner edge
of the wall can be set midway between that of air and the
peak voxel intensity along the ray. In both of these situa-
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tions, an upper limit on the ray distance is used to avoid
straying far from the expected location of the outer edge of
the wall of the colon. For example, upper limits of one or
two centimeters may be useful.

[0120] Then, the outer edge of the wall can be located,
which may involve additional heuristics. When the outer
edge of the wall of the anatomical structure (e.g., a colon)
abuts fat, the location of the outer edge of the wall may be
set to the midpoint between soft tissue attenuation and fat
(=100 HU). However, due to volume averaging artifact, the
wall may be so thin as to never reach soft tissue attenuation.
In such a scenario, voxel intensities along the ray may not
exceed fat attenuation. If so, the outer edge of the wall can
be set to the first fat voxel. In cases of volume averaging
artifact where even fat attenuation levels are not reached, the
location of the outer edge of the wall may be set to the
location of the peak voxel intensity. Locations and voxel
intensities can be computed using floating point numbers
and trilinear or other interpolation methods in order to
improve accuracy.

[0121] Details of Exemplary Implementation: Rules for
Measuring Wall Thickness

[0122] An exemplary detailed method 1000 for calculat-
ing wall thickness from an intensity profile is shown in
FIGS. 10 and 11 in the function Wall_Calc(in: CO, Dir; out:
C2, WT2). The method 1000 can be implemented in soft-
ware via any number of programming languages.

[0123] On a general level, the method can analyze voxel
intensities along a normal to the wall with reference to
thresholds (e.g., the “Inner_wall”“Low_fat,” and “High_fat”
thresholds) to determine wall thickness. “Low_fat” indicates
a lowest voxel intensity consistent with fat. “High_fat”
indicates a highest voxel intensity consistent with fat, taking
into account volume averaging with soft tissue (e.g., assum-
ing soft tissue is 20 HU). Undulations of intensities can be
handled in cases, for example, where the intensity profile
vacillates between or within the Low_fat and High fat
regions.

[0124] The rules can take a point at an arbitrary location
with respect to the surface of the wall and determine the wall
thickness corresponding to the point. In some cases, the
rules “backtrack” along the normal.

[0125] In the example, the function takes “C0” and “Dir”
as input and produces “C2” and “WT2” as output. The
function also relies on the digital representation of the
anatomical structure. Intensities of voxels within the repre-
sentation are acquired via the function “Inten(<voxel>).”
Thresholds for “Inner_wall,”“Low_fat,” and “High_fat” are
also relied upon. In the example, these are constants (e.g.,
=500, -100, and -40 HU); however, any number of other
choices for these values can be similarly successful, and the
technology is not limited to one set of values. If necessary,
the values may be adjusted or calibrated based on the
relative grayscale levels of scans.

[0126] «CO0” is the point at which wall thickness is to be
measured (e.g., the point 470 of FIG. 4 and is possibly the
predicted or identified location of a candidate anomaly), and
“Dir” is the vector (e.g., related to the ray 442) normal to the
wall.

[0127] «C2” is sometimes called the corrected version of
“C0” and is placed within the wall (e.g., at 480) to designate
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the position of the anomaly. “C0” may happen to be floating
in air or embedded between the inner edge of the wall and
the outer edge of the wall. WT2 is the measured wall
thickness.

[0128] At 1002, voxel intensity at the point CO is deter-
mined and stored as JO. Then, at 1004, it is determined if the
intensity is less than the “Inner_wall” threshold. If so, the
method continues at 1012, where a search is performed
along the ray Dir for the maximum intensity; the maximum
intensity is stored as “Jmax,” and the corresponding point
location is stored as “Cmax.” At 1014, if Jmax is less than
the “Inner_wall” threshold, at 1016 the corrected point C2 is
set to Cmax, and the wall thickness WT2 is set to zero (0).

[0129] If, at 1014, Jmax is not less than the “Inner_wall”
threshold, at 1022 a search is made backward (e.g., back to
the original CO point) until the voxel intensity is or passes
that of the “Inner_wall” threshold. For example, searching
can be done until the intensity equals or is less than the
threshold. The location of the point is stored as “Cinner.” At
1024, the wall thickness WT2 is set to the absolute value of
Cmax-Cinner, and corrected point C2 is set to Cinner+
0.5*WT2*Dir.

[0130] Returning to 1004, if JO is not less than the thresh-
old set for “Inner_wall,” at 1032, it is determined whether JO
is greater than the threshold for “Low_fat.” If so, at 1042, a
backward search along the ray “Dir” is done until the
intensity is equal to or passes the “Inner_wall” threshold; the
location of such a voxel is stored as “Cinner.” Then, at 1044,
a forward search (i.e., away from the original point “C0”) is
performed along the ray “Dir” until the intensity is equal to
or passes the “Low_fat” threshold; the location of such a
voxel is stored as “Couter.”

[0131] Then, at 1046, it is determined whether the next
checking point (e.g., the point adjacent “Couter”) has an
intensity greater than the threshold for High fat. If so, at
1056, a forward search is made until the intensity is equal to
or passes High fat. Such a point is stored as “Couter.”

[0132] Otherwise, at 1058, the wall thickness “WT2” is set
equal to the absolute value of “Couter”-“Cinner” and the
corrected point “C2” is set to “Cinner”+0.5*“WT2”* “Dir.”

[0133] Returning now to 1032, if “JO” is not greater than
the threshold set for “Low_fat,” at 1062, a forward search
along the ray “Dir” is made for the maximum intensity
voxel. The location is stored as “Cmax,” and the intensity is
stored as “Jmax.” At 1062, if Jmax is greater than the
threshold set for “High_fat,” at 1066, a forward search is
made along the ray “Dir” until the intensity is equal to or
passes the threshold set for “High_fat.” The location of such
a point is stored as “Couter.”

[0134] Then, at 1068, a backward search is performed
along the ray defined by “Dir” until the intensity is equal to
or passes the “Inner_wall” threshold. The location of such a
point is stored as “Cinner.” Then, 1058 is performed as
described above.

[0135] Returning to 1064, if “Jmax” is not greater than the
“High_fat” threshold, at 1072, it is determined whether
“Jmax” is greater than “Low_fat.” If so, at 1074, a backward
search is done along the ray “Dir” until the intensity is equal
to or passes the “Inner_wall” threshold. The location of such
a point is stored as “Cinner.” At 1076, a forward search is
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then done until the intensity is equal to or passes the
“Low_fat” threshold. The location of such a point is stored
as “Couter.” Then, 1058 is performed as described above.

[0136] Returning to 1072, if it is determined that Jmax is
not greater than the “Low_fat” threshold, at 1082, a back-
ward search is performed until a point with intensity equal
to or passing the “Inner_wall” threshold is found. The
location of such a point is stored at “Cinner.” Then, at 1084,
the value for “Couter” is set equal to the value of “Cmax”
computed in 1062. Then, 1058 is performed as described
above.

[0137] Similar results can be achieved via different
approaches, and variations (e.g., using thresholds other than
the exemplary ones presented) can be employed.

[0138] Details of Exemplary Implementation:
[0139] Analysis of Exemplary Intensity Profiles

[0140] Exemplary Intensity Profiles are shown in FIGS.
12A-12D and FIGS. 13A-13C. In the examples, the x-axis
represents a location along a normal to the wall (e.g., along
a ray), and the y-axis represents voxel intensity at the
location. The exemplary thresholds “High_fat,”“Low_{fat,”
and “Inner_wall” are also shown. CO indicates the original
point (e.g., for the ray generated normal to the wall). Wall
thickness “WT2” is also shown (if any), and C2 indicates the
location of the anomaly (e.g., because CO was provided as
the initial location of the anomaly, C2 is sometimes called
the “corrected location of C0”).

[0141] The corrected position can be calculated via the
following formula:

Corrected_pos=Old_pos+c2*Ray 2

[0142] where Old_pos, Ray (e.g., “Dir”), and Corrected-
_pos are 3-dimensional vectors, and C2 is a scalar (number).

[0143] The intensity profiles can be processed according
to the rules described above to generate the wall thickness
and corrected anomaly locations. In the example of 12A
(“Scenario I”), at the portion 1212, there are at least two
subsequent points within fat (e.g., between high fat and low
fat). The location 1216 is stored and thereby designated as
the inner edge of the wall (e.g., “Cinner”), and the location
1218 is stored and thereby designated as the outer edge of
the wall (e.g., “Couter”). In the rules described above with
reference to FIGS. 10 and 11, Scenario I can be imple-
mented via an execution path including 1032, 1042, 1046,
and 1058.

[0144] Inthe example of 12B (“Scenario III”), the location
1226 is stored and thereby designated as the inner edge of
the wall (e.g., “Cinner”), and the location 1228 is stored and
thereby designated as the outer edge of the wall (e.g.,
“Couter”). In the rules described above with reference to
FIGS. 10 and 11, Scenario III can be implemented via an
execution path including 1032, 1062, 1072, and 1074.

[0145] In the example of 12C (“Scenario IIA”), the loca-
tion 1236 is stored and thereby designated as the inner edge
of the wall (e.g., “Cinner”), and the location 1238 is stored
and thereby designated as the outer edge of the wall (e.g.,
“Couter”). In the rules described above with reference to
FIGS. 10 and 11, Scenario IIA can be implemented via an
execution path including 1032, 1062, and 1066.
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[0146] In the example of 12D, (“Scenario IIB”) the loca-
tion 1246 is stored and thereby designated as the inner edge
of the wall (e.g., “Cinner”), and the location 1248 is stored
and thereby designated as the outer edge of the wall (e.g.,
“Couter”). In the rules described above with reference to
FIGS. 10 and 11, Scenario IIB can be implemented via an
execution path including 1032, 1042, and 1056.

[0147] In the example of 13A (“Scenario V”), the wall
thickness is determined to be zero (0). The location of the
anomaly (e.g., C2) is designated as the location 1317 of the
maximum value on the curve (e.g. “Cmax”) under the rules
for the scenario. In the rules described above with reference
to FIGS. 10 and 11, Scenario V can be implemented via an
execution path including 1012 and 1016.

[0148] In the example of 13B (“Scenario IVA™), the loca-
tion 1326 is stored and thereby designated as the inner edge
of the of the wall (e.g., “Cinner”), and the location 1328 is
stored and thereby designated as the outer edge of the wall
(e.g., “Couter”). In the rules described above with reference
to FIGS. 10 and 11, Scenario IVA can be implemented via
an execution path including 1012, 1022, and 1024.

[0149] In the example of 13C (“Scenario IVB”), the
location 1336 is stored and thereby designated as the inner
edge of the wall (e.g., “Cinner”), and the location 1338 is
stored and thereby designated as the outer edge of the wall
(e.g., “Couter”). In the example, the location 1337 of the
maximum value on the curve under the rules for the scenario
(“Cmax”) is used to find the location 1338 of the outer edge
of the wall (“Couter”). In the rules described above with
reference to FIGS. 10 and 11, Scenario IVB can be imple-
mented via an execution path including 1032, 1062, 1064,
1072, and 1082.

[0150] As is shown in the graphs, a variety of scenarios
can be dealt with effectively. Given an anomaly location, the
rules can calculate the wall thickness, even if it is not known
a priori whether the anomaly location is in air or within the
wall. Further the described rules are able to measure wall
thickness, taking into account the presence of fat layers or
other structures in the digital representation of the anatomi-
cal structure.

[0151] Details of Exemplary Implementation: Normaliz-
ing Wall Thickness

[0152] Wall thickness related to a candidate anomaly is
particularly of interest. The various calculations above can
be done for an anomaly, based on an initial estimate of the
anomaly’s location as determined by detecting regions with
elliptical curvature in a digital representation of an anatomi-
cal structure.

[0153] Wall thickness can be normalized as described in
the formula (1), above. The calculated normalized wall
thickness can be used for a variety of purposes. For example,
wall thickness can be used to colorize the surface of an
anatomical structure (e.g., those regions proximate candi-
date anomalies of interest) when presented for review by the
physician. For instance, thresholds for one or two standard
deviations above regional wall thickness can be used for
indicating the possible presence of an abnormality.

[0154] The normalized wall thickness can also be used as
an input to a classifier for distinguishing true positive from
false positive candidate anomalies.
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[0155] Wall thickness atlases can be represented in a
database of normal wall thickness and Z-score tolerances.
For example, for colon analysis, a table of values of normal
wall thickness as a function of distension and location of the
colon can be prepared by using normal colons. The table can
be developed for different genders and age ranges. Also, it
can be normalized to body habitus using body surface area
or other measures of patients’size. Distensions may be
computed using regional lumen volumetric measurements
with or without normalization for unit length.

[0156] There are a number of ways to calculate regional
wall thickness. One way is to identify the polyp neck and
then to sample the wall thickness in an annulus surrounding
the polyp neck. The annulus may have user-adjustable or a
fixed radius. The annulus may be immediately at the polyp
neck or may be set off from it by a fixed or user-adjustable
radius. The radius of the annulus and the offset from the
polyp neck can be set by the user, can be fixed, or can be a
function of distension, colonic location, or other relavant
parameter, for example, size of potential detection.

[0157] Typically, regional wall thickness measurements
are most helpful when made away from sites of pathology
(e.g., away from anomalies). Therefore, regional wall mea-
surements can be restricted to points along the wall or at an
approximating isosurface that have nonpolypoid shape. For
example, measurements can be restricted to regions having
curvature of elliptical pit, planar, cylindrical, or hyperbolic

types.

[0158] Further, it is possible to detect whether regional
wall thickness measurements are being made on a haustral
fold. Such a determination can be fed to a classifier, and
classification can be based on such a determination.

[0159] Exemplary Implementation: Normalized Wall

Thickness

[0160] A set of over 24,000 anomalies known to be false
positives and 38 anomalies known to be true positives in
colon-related data were analyzed by measuring normalized
wall thickness related to the anomaly (e.g., candidate polyp).
The area under the ROC curve for normalized wall thickness
was 0.64. True positive detections were twice as likely to
have a normalized wall thickness greater than zero com-
pared to false positives (58% vs. 30%). Thresholds for the
Z-score (e.g., zero) can be chosen dynamically or by using
neural networks.

[0161] Details of Exemplary Implementation: Template
Matching

[0162] Another technique useful for classifying anomalies
is template matching. In general, a detected anomaly can be
matched against a digital template to find similarity. The
measurement of similarity (e.g., a similarity coefficient) can
be used for classification. Such templates can be built from
images of actual scans (e.g., parallel CT slices with anoma-
lies of interest) or by idealized anomalies of interest. For
example, hemisphere, round plateau, and half cylinder/
classic polyp templates can be created.

[0163] An exemplary method 1400 for template matching
is shown in FIG. 14. The method 1400 can be performed by
software. At 1422, a template is selected. As explained
below, plural templates can be provided.
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[0164] At 1442, a candidate anomaly of interest is scored
via the template. For example, the template can be shifted,
rotated, sized, scaled, sheared, or any combination of these
in an attempt to fit it to the candidate anomaly. A similarity
score is calculated.

[0165] At 1452, if the candidate anomaly has a score
below a predetermined or adjustable threshold, the anomaly
is rejected (e.g., denoted as not of interest). Alternatively, the
score can be fed to a classifier, which considers at least the
score when classifying the candidate anomaly.

[0166] Template matching can be performed in two or
three dimensions. In two dimensions, the templates may be
round, elliptical, square, or rectangular, varying in size from
several pixels to several dozen pixels (or more), the size
being fixed or variable. For example, desirable fixed dimen-
sions are square templates that are a power of two in size.
Three-dimensional templates may be isotropic or anisotro-
pic in voxel dimension.

[0167] The templates themselves can be small images or
volumes and may have any bit depth (e.g., eight, twelve, or
sixteen bits). An infinite variety of templates (e.g., objects
represented by the templates) are available (e.g., round, oval,
spherical, or ellipsoidal shapes, sessile or pedunculated
shapes, lobulated shapes or masses). Where the template is
not radially symmetric, it may be desirable to orient the
template according to the direction of the surface normal
corresponding to the detection. Thus, a template for a sessile
polyp, for example, could be oriented to match the position
of the colonic wall. In addition, the template may vary as to
size of the polyp, for example, radius, width of the transition
from polyp to base, or angle of the polyp neck. The
templates may seek to locate lucencies between the head of
a polyp and its attachment to the colonic wall, for example
to identify the location of the stalk for a pedunculated polyp.

[0168] While secking to match the template against the
candidate anomaly, the template may be shifted on a voxel
by voxel basis to determine the maximum similarity.

[0169] Similarity may be computed using a variety of
functions, including cross-correlation measures. For
example, the following formula can be used:
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[0170] «a” is for the image, and “b” is the template; “n” is
the number of pixels or voxels. Further information can be
found in Lee et al., “Automated Detection of Pulmonary
Nodules in Helical CT Images Based on an Improved
Template-Matching Technique,”IEEE  Transactions on
Medical Imaging, Vol. 20, No. 7, pages 595-604 (July 2001).

[0171] The cross-correlation coefficient ranges from -1 to
+1. The similarity functions need not depend on the actual
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intensity values, or they can depend on whether an intensity
is in a particular range as denoted in the template. In this
way, the shape of the intensity value distribution in the
template and the candidate anomaly can be matched without
regard to particular intensity values.

[0172] The similarity scores can be used for classification
via a rule-based threshold or input to a more complex
classifier such as a neural network or a genetic algorithm. As
a result of template matching, coordinates of the center of
the anomaly, its radius, its orientation, its cross-sectional
area, its volume, or any combination of such values can be
produced.

[0173] A shift between the template and image can be
used, for example, if two series x(i) and y(i) are considered
where i=0, 1, 2 . . . N=1. Then, cross-correlation r at shift d
is defined as

6
D [ =m0« (i = d) = my)] ©

i

rd)=
\/ 3 (x(i) — mx)? \/ 3 (i~ d) —my)?

[0174] where mx and my are the means of the correspond-
ing series.

[0175] 1If the above is computed for shifts d=—(N-1), . . .
, -1,0,1,2, . . . ,N-1, then it results in a cross-correlation
series of twice the length of the original series. Such
functions can easily be extended to two or three dimensions.

[0176] Details of Exemplary Implementation: Exemplary
Templates

[0177] The templates can be constructed to be various
shapes (e.g., 3D-grid) and sizes (e.g., 32x32 pixels). The
templates can include features such as radius, slope, center,
and general shape description. A similarity measure can be
computed using the cross-correlation coefficient between the
template and candidate anomalies (e.g., image slices of the
anomalies). Plural similarity measures can be taken by
varying the features within set of adjustable ranges. The
plural similarity measures can be processed, for example, by
storing the maximum value of similarity and at what tem-
plate position such similarity was measured. The various
features of the template, including radius and translation can
also be stored.

[0178] Exemplary templates are shown in FIGS. 15-17. In
the example, polyp models were generated with reference to
idealized anomalies of interest. The 2D images are displayed
as 3D surfaces where 2 dimensions (X and Y) stand for the
position of the model pixel in the polyp model image and the
third dimension stands for the image function (e.g., image
intensity) of the respective pixel.

[0179] FIG. 15 depicts a template being a hemisphere
model. FIG. 16 depicts a template being a round plateau
model. FIG. 17 depicts a template being a classic polyp
model (e.g., a polyp seen in profile). Such idealized tem-
plates can be constructed via a number of software packages.
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[0180] Details of Exemplary Implementation: Rectal Tube
Removal

[0181] Template matching can also be used for an entirely
different purpose: rectal tube removal. An exemplary tem-
plate shown in FIG. 18 is for matching to a rectal tube and
can be used to detect the position of a rectal tube and remove
it from the CT images sequence.

[0182] Similarly, a template can be constructed by which
any region not to be considered can be removed from
consideration. In the example, the width of the wall of the
rectal tube is a parameter that can be varied.

[0183] Exemplary Implementation: Template Matching

[0184] A set of over 24,000 anomalies known to be false
positives and 38 anomalies known to be true positives in
colon-related data were analyzed by performing template
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matching via a truncated cone to detect classic round polyps.
The area under the ROC curve for template similarity was
0.63.

[0185] Details of Exemplary Implementation: Other Char-
acteristics

[0186] Based on the technologies described herein, a vari-
ety of characteristics can be measured for use by a software
classifier. Exemplary characteristics are shown in Table 1.
Any combination of the characteristics can be fed to a
software classifier. In the example, a data structure can be
constructed to represent a curved, folded surface in three-
dimensional space via triangles. Nearest neighbors can be
found by navigating among the triangles. A neighborhood of
triangle vertices can be defined, for example, as those
neighboring (e.g., connected) vertices passing a curvature
test (e.g., elliptical curvature of the peak type).

TABLE 1

Characteristic

Characteristics

Description

Lesion Vertices
Lesion Size

Lesion Sphericity

number of vertices forming neighborhood

distance in cm between two most separated vertices
from surface neighborhood

2*|LesionMaxAvgCurv — LesionMinAvgCurv|/
(LesionMaxAvgCurv + LesionMinAvgCurv)

LesionGaussianAvgCurv (Gaussian Average Curvature) - Gauss Curv averaged
over all vertices from surface neighborhood
LesionMeanAvgCurv (Mean Average Curvature) - Mean Curv averaged
over all vertices from surface neighborhood
LesionMinAvgCurv (Min Average Curvature) - Min Curv averaged over
all vertices from surface neighborhood
LesionMaxAvgCurv (Max Average Curvature) - Max Curv averaged over
all vertices from surface neighborhood
curv.min = curv.mean — sgrt(curv.amean ** 2 — curv.gauss);
curv.max = curv.mean + sgrt(curv.amean ** 2 — curv.gauss);
PrincCurvDiff sqrt(LesionMeanAvgCurv ** 2 —
LesionGaussianAvgCurv)
LesionGaussianSDCurv std of vertices from surface neighborhood
LesionMeanSDCurv std of vertices from surface neighborhood
LesionMinSDCurv std of vertices from surface neighborhood
LesionMaxSDCurv std of vertices from surface neighborhood

LesionCentroidX, Y, Z

mean over positions of vertices from surface
neighborhood

LesionCentrodRow, Column, int indexes based on LesionCentroidX, Y, Z to nearest

Slice node in lattice

NewSphericity sphericity averaged over vertices’ sphericities from
surface neighborhood

SDNewSphericity std of NewSphericitys from surface neighborhood

CentroidWD maxIntensity along ray given by mean normal
(NormalX, Y, Z) - set of flexible rules chosen to
determine where on ray to stop and get intensity

RegionDensity averaged intensity over 12 points from diamond

SD RegionDensity
WallThick

Gauss, Mean, Min, Max,
NewSphericityCurvSkew

Gauss, Mean, Min, Max,

shaped region, centered at the same point where
CentroidWD is calculated

std from diamond shaped region, defined as above
measured along ray (as CentroidWD), “maxIntensity —
507 rule applies to get wall thickness

3" order moment of given curvature/sphericity
statistics (build for vertices forming surface
neighborhood);

the same but 4™ order

NewSphericityCurvKurt

Area (in sq mm) of all full triangles constituting surface
neighborhood,

Perimeter total length (in cm) of island’s shore line but

excluding pieces like peninsula in the neighborhood
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TABLE 1-continued

Characteristics

Characteristic Description

LenNonTriangl total length (in cm) of pieces like peninsula, bridge on
the lake

NumNonTriangl total number of pieces like peninsula, bridge on the
lake

MultiLinks nonzero value signals topological anomaly

TwoLinks number of segments which are part of any full triangle
from surface neighborhood

OnelLinks tot number of segments which are part of at most one
triangle (so, peninsula like, bridges, etc. are counted
here);

NumTriangl total number of full triangles constituting surface
neighborhood

Similarity correlation coefficient between a 2D image (32 x 32) of
polyp and a model (template - like semisphere with
some modifications)

AspectRatio width/length of bounding box containing all vertices

ModelRad, Xshiftt, Yshift

LesionCntr2X, Y, Z

LesionCntr2Row, Column,
Slice lattice
WallThick2

MeanLocWallThick2

StdLocWallThick2
NormedWallTh2

Compactness
VolCurvConnect

VolCurvMass
VolCurvDens

VolCurvGauss__Avg,
_Std
VolCurvMean__Avg,
_Std
VolCurvMax__Avg,
_Std
VolCurvMin__Avg, _ Std
NormalX, Y, Z

CmassCMass_ X, Y, 7

Radiuslnertia

from surface neighborhood projected onto a plane
perpendicular to NormalX, Y, Z

parameters of model for which Similarity is max (for
currently used model they are radius of semisphere
and shift of semisphere center with respect to the
center of 32 x 32 polyp image)

second centroid based on rules used in computing
CentroidWD (midpoint between outer and inner edge
of wall)

int indexes based on WallThick? to nearest node in

second wall thickness based on rules used in
computing CentroidWD (distance between inner edge
and outer edge of wall)

reported only when —-N option is set and Neck
neighborhood is build, it works like this: apply
procedure used to calculate WallThick?2 for every
vertex on surface which is within certain region (like
ring, centred around polyp’s neck) and find mean and
std (see StdLocWallThick2 below) of resulting wall
thickness2

see MeanlLocWallThick2

(WallThick2 - MeanLocWallThick2)/
StdLocWallThick2

Area/Perimeter**2

volume (in cc) of connected voxels within a given
cube around polyp which passed curvature criteria -
be aware that a concept of ‘connectivity” depends on
the value of a flag

a) 0 (default for flag) takes the largest segment of
hard connected voxels with accepted curvature within
a cube;

b) 1 takes voxels with accepted curvature within a
cube;

c) 2 takes voxels with accepted curvature which are
connected via a mask within a cube

total mass of connected voxels (i.e. sum of intensity)
VolCurvMass/number of connected voxels (so, it’s
mass per voxel)

average and std of gauss curvatures determined from
connected voxels

as above for mean curv

as above but for max curv

as above but for min curv

mean normal, averaged over all normals from surface
neighborhood

[sum over i: m_1i * (x, y, z)_i]J/VolCurvMass where
sum is over all connected voxels and m__i is intensity
of a given voxel;

calculated with respect to axes coming through
CmassCMass and LesionCentroid - radius of inertia

R is defined as TotMass * R**2 = {sum over i} m_i *
r_i**2

Apr. 1, 2004
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[0187] For CentroidWD, there are at least five possible
scenarios which depend on maxIntensity and 3 constants:
INNER_WALL_THRESHOLD=-500 HU, LOW_FAT-
_THRESHOLD=-100 HU, HIGH_FAT THRESHOLD=-
40 HU. The scenarios are as follows:

TABLE 2

Scenarios

Scenario Description

I (e.g., FIG. 12A) LOW_FAT_THRESHOLD < maxIntensity <
HIGH__FAT_THRESHOLD, at least two subsequent
points are within fat - a sign for flat plateau

II (e.g., FIGS. maxIntensity > HIGH_FAT_THRESHOLD
12C and 12D)
III (e.g., FIG. LOW_FAT_THRESHOLD < maxIntensity <

12B) HIGH__FAT__THRESHOLD, no flat plateau observed

IV (e.g., FIG. INNER_WALL_THRESHOLD < maxIntensity <
13B and 13C) LOW_FAT THRESHOLD

V (e.g., FIG. maxIntensity < INNER_WALL__THRESHOLD
13A)

[0188] In FIGS. 12 and 13, C2=LesionCntr2X,Y,Z (2™
centroid) and WT2=WallThick2. Zero on horizontal axes
corresponds to LesionCentroidX,Y,Z (1°* centroid) while
intensity profile (vertical axes) is shown along ray=Nor-
malX,Y,Z. Point corresponding to maxlntensity has (e.g.,
always) positive x coordinate (although ultimate max found
along ray may be found higher for negative x coordinate—
see e.g. FIG. 12D“indirect case”).

[0189] Details of Exemplary Implementation: Classifier

[0190] As described above, the classifier can be chosen
from a variety of architectures and include any combination
of the described characteristics. For example, a classifier can
be built as a neural network and trained on neck character-
istics, normalized wall thickness, and template matching
measurements. After training, the neural network can be
tested and then deployed for use.

[0191] Details of Exemplary Implementation: Presenting
Results

[0192] FIG. 19 shows an exemplary graphical depiction
1900 of a portion of a virtual anatomical structure. In a
presented user interface that can be used in conjunction with
any of the technologies described herein, the depiction 1900
includes colored areas (e.g., regions) to assist in detection of
anomalies of interest (e.g., polyps).

[0193] In the example depiction 1900, arcas 1902A,
1902B, and 1902C can appear in a first color (e.g., yellow)
to denote regions of elliptical curvature of the pit subtype.
The areas 1908A, 1908B, and 1908C can appear in a second
color (e.g., green) to denote regions of hyperbolic curvature
(e.g., possible necks of anomalies). The areas 1932A and
1932B can appear in a third color (e.g., orange) to indicate
elliptical curvature of the peak subtype (e.g., likely anomaly
sites).

[0194] Exemplary Computer System for Conducting
Analysis

[0195] FIG. 20 and the following discussion provide a
brief, general description of a suitable computing environ-
ment for the software (e.g., computer programs) described
above. The methods described above can be implemented in
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computer-executable instructions organized in program
modules. The program modules include the routines, pro-
grams, objects, components, and data structures that perform
the tasks and implement the data types for implementing the
techniques described above.

[0196] While FIG. 20 shows a typical configuration of a
desktop computer, the invention may be implemented in
other computer system configurations, including multipro-
cessor systems, microprocessor-based or programmable
consumer electronics, minicomputers, mainframe comput-
ers, and the like. The invention may also be used in
distributed computing environments where tasks are per-
formed in parallel by processing devices to enhance perfor-
mance. For example, tasks related to measuring character-
istics of candidate anomalies can be performed
simultaneously on multiple computers, multiple processors
in a single computer, or both. In a distributed computing
environment, program modules may be located in both local
and remote memory storage devices.

[0197] The computer system shown in FIG. 20 is suitable
for implementing the technologies described herein and
includes a computer 2020, with a processing unit 2021, a
system memory 2022, and a system bus 2023 that intercon-
nects various system components, including the system
memory to the processing unit 2021. The system bus may
comprise any of several types of bus structures including a
memory bus or memory controller, a peripheral bus, and a
local bus using a bus architecture. The system memory
includes read only memory (ROM) 2024 and random access
memory (RAM) 2025. A nonvolatile system 2026 (e.g.,
BIOS) can be stored in ROM 2024 and contains the basic
routines for transferring information between elements
within the personal computer 2020, such as during start-up.
The personal computer 2020 can further include a hard disk
drive 2027, a magnetic disk drive 2028, e.g., to read from or
write to a removable disk 2029, and an optical disk drive
2030, e.g., for reading a CD-ROM disk 2031 or to read from
or write to other optical media. The hard disk drive 2027,
magnetic disk drive 2028, and optical disk drive 2030 are
connected to the system bus 2023 by a hard disk drive
interface 2032, a magnetic disk drive interface 2033, and an
optical drive interface 2034, respectively. The drives and
their associated computer-readable media provide nonvola-
tile storage of data, data structures, computer-executable
instructions (including program code such as dynamic link
libraries and executable files), and the like for the personal
computer 2020. Although the description of computer-read-
able media above refers to a hard disk, a removable mag-
netic disk, and a CD, it can also include other types of media
that are readable by a computer, such as magnetic cassettes,
flash memory cards, digital video disks, and the like.

[0198] A number of program modules may be stored in the
drives and RAM 2025, including an operating system 2035,
one or more application programs 2036, other program
modules 2037, and program data 2038. A user may enter
commands and information into the personal computer 2020
through a keyboard 2040 and pointing device, such as a
mouse 2042. Other input devices (not shown) may include
a microphone, joystick, game pad, satellite dish, scanner, or
the like. These and other input devices are often connected
to the processing unit 2021 through a serial port interface
2046 that is coupled to the system bus, but may be connected
by other interfaces, such as a parallel port, game port, or a
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universal serial bus (USB). A monitor 2047 or other type of
display device is also connected to the system bus 2023 via
an interface, such as a display controller or video adapter
2048. In addition to the monitor, personal computers typi-
cally include other peripheral output devices (not shown),
such as speakers and printers.

[0199] The above computer system is provided merely as
an example. The technologies can be implemented in a wide
variety of other configurations. Further, a wide variety of
approaches for collecting and analyzing data related to
processing candidate anomalies is possible. For example, the
data can be collected, characteristics measured, anomalies
classified, and the results presented on different computer
systems as appropriate. In addition, various software aspects
can be implemented in hardware, and vice versa.

[0200] Alternatives

[0201] Having illustrated and described the principles of
the invention in exemplary embodiments, it should be appar-
ent to those skilled in the art that the described examples are
illustrative embodiments and can be modified in arrange-
ment and detail without departing from such principles.

[0202] Although some of the examples describe colonog-
raphy and detecting polyps in a virtual colon, the technolo-
gies can be applied to other anatomical structures as well.
For example implementations can be applied to the bron-
chus, blood vessels, bladder, urinary tract, billiary tract,
cerebrospinal spinal fluid containing spaces of the brain,
paranasal sinuses, chambers of the heart, and the like.

[0203] In any of the methods described herein, processing
can be performed by software in an automated system
without intervention by a user. However, user intervention
may be desired in some cases, such as to adjust parameters
or consider results.

[0204] In view of the many possible embodiments to
which the principles of the invention may be applied, it
should be understood that the illustrative embodiments are
intended to teach these principles and are not intended to be
a limitation on the scope of the invention. We therefore
claim as our invention all that comes within the scope and
spirit of the following claims and their equivalents.

We claim:

1. A computer-implemented method for processing a
detected anomaly in an anatomical structure, the method
comprising:

in a digital representation comprising a representation of
the anomaly, measuring a characteristic of a neck of the
anomaly; and

based at least on the characteristic of the anomaly neck,

classifying the anomaly.

2. A computer-readable medium comprising computer-
executable instructions for performing the method of claim
1.

3. The method of claim 1 wherein classifying comprises
disqualifying the anomaly from being of interest.

4. The method of claim 1 wherein classifying comprises
designating the anomaly as being of interest.

5. The method of claim 1 wherein the candidate anomaly
comprises a surface anomaly.

6. The method of claim 1 wherein the candidate anomaly
comprises a wall surface anomaly.
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7. Performing the method of claim 1 for a plurality of
candidate anomalies.

8. The method of claim 7 wherein the candidate anomalies
are discovered via measured curvatures associated with
regions in the digital representation.

9. The method of claim 1 wherein:

the anatomical structure comprises a colon; and

classifying the anomaly comprises designating the
anomaly as a polyp.
10. The method of claim 1 wherein:

the anatomical structure comprises a bronchus; and

classifying the anomaly comprises designating the
anomaly as a lesion.

11. The method of claim 1 wherein the characteristic
comprises neck size.

12. The method of claim 1 wherein the characteristic
comprises neck height.

13. The method of claim 1 wherein the characteristic
comprises neck circumference.

14. The method of claim 1 wherein the characteristic
comprises area enclosed by the neck.

15. The method of claim 1 wherein the characteristic
comprises neck angle.

16. The method of claim 1 wherein the characteristic
comprises orientation of the neck.

17. The method of claim 1 wherein the characteristic
comprises irregularity of the neck.

18. The method of claim 17 wherein irregularity com-
prises jaggedness of the neck.

19. The method of claim 17 wherein irregularity of the
neck is determined via a fractal technique.

20. The method of claim 1 wherein the characteristic
comprises curvature of the neck.

21. The method of claim 20 wherein the curvature com-
prises Gaussian curvature.

22. The method of claim 20 wherein the curvature com-
prises mean curvature.

23. The method of claim 20 wherein the curvature com-
prises principal curvature.

24. The method of claim 23 wherein the curvature com-
prises maximum principal curvature.

25. The method of claim 23 wherein the curvature com-
prises minimum principal curvature.

26. The method of claim 20 wherein the curvature com-
prises shape index.

27. The method of claim 20 wherein the curvature com-
prises curvedness.

28. The method of claim 20 wherein the curvature is
calculated via partial derivatives.

29. The method of claim 20 wherein the curvature is
calculated via finite differences.

30. The method of claim 20 wherein the curvature is
calculated via convolution kernels.

31. The method of claim 20 wherein the curvature is
calculated via fitting approximating curves.

32. The method of claim 20 wherein the curvature is
calculated via fitting approximating surfaces.

33. The method of claim 1 wherein the characteristic
comprises relation of the neck to adjacent haustral folds.

34. The method of claim 1 further comprising:

fitting a plane to the circumference of the neck;

measuring protrusion of the anomaly; and
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based also at least on the characteristic of the anomaly
neck, classifying the anomaly.
35. The method of claim 1 further comprising:

identifying an edge in the representation of the anomaly
and an adjacent wall of the representation of the
anatomical structure;

wherein the characteristic comprises an angle made by a
junction of the anomaly with the wall.

36. The method of claim 35 wherein the edge is identified
via segmenting.

37. The method of claim 35 wherein the edge is identified
via an isosurface technique.

38. The method of claim 35 wherein the edge is identified
via a level set technique.

39. A computer-implemented method for processing a
detected candidate polyp in a virtual colon, the method
comprising:

via the virtual colon, measuring a characteristic of a neck
of the detected candidate polyp; and

based at least on the characteristic of the neck, classifying
the candidate polyp.

40. A computer-implemented method for processing an

anomaly in an anatomical structure, the method comprising:

in a digital representation of the anatomical structure
comprising a representation of the anomaly, identifying
a neck of the anomaly;

based at least on the anomaly neck, measuring protrusion
of the anomaly; and

based at least on the protrusion of the anomaly, classifying
the anomaly.

41. A computer-implemented method for processing an

anomaly in an anatomical structure, the method comprising:

in a digital representation of the anatomical structure
comprising a representation of the anomaly, measuring
an aspect ratio of the anomaly;

based at least on the aspect ratio, classifying the anomaly.
42. The method of claim 41 further comprising:

fitting a base of the anomaly to a shape.

43. The method of claim 42 wherein the shape comprises
an ellipse.

44. The method of claim 40 wherein measuring protrusion
comprises fitting a plane to the circumference of the neck.

45. A computer-implemented method for processing an
anomaly in an anatomical structure, the method comprising:

in a digital representation of the anatomical structure
comprising a representation of the anomaly, measuring
a normalized wall thickness associated with the
anomaly; and

based at least on the normalized wall thickness associated
with the candidate anomaly, classifying the anomaly.

46. The method of claim 45 wherein classifying com-
prises disqualifying the anomaly as being of interest.

47. The method of claim 45 wherein classifying com-
prises designating the anomaly as being of interest.

48. Performing the method of claim 45 for a plurality of
candidate anomalies.
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49. The method of claim 48 wherein the candidate anoma-
lies are discovered via measured curvatures associated with
regions in the digital representation.

50. The method of claim 45 wherein:

the anatomical structure comprises a colon; and

classifying the anomaly comprises designating the
anomaly as a polyp.
51. The method of claim 45 wherein:

the anatomical structure comprises a bronchus; and

classifying the anomaly comprises designating the
anomaly as a lesion.

52. A computer-readable medium having computer-ex-
ecutable instructions for performing the method of claim 45.

53. A computer-implemented method for determining
wall thickness for an anomaly detected on a wall in a digital
representation of an anatomical structure, the method com-
prising:

based at least on an initial point at an arbitrary distance
from or within the wall, calculating various thresholds
for the wall; and

based at least on the thresholds, calculating a wall thick-

ness associated with the anomaly.

54. A computer-implemented method of classifying an
anomaly appearing in a digitized image of an anatomical
structure of interest, wherein the digitized image portrays a
wall of the anatomical structure and at least one anomaly of
the anatomical structure, the method comprising:

calculating an anomaly wall thickness at a location of the
anomaly;

measuring plural wall thicknesses at locations proximate
to but away from the anomaly;

normalizing the anomaly wall thickness based on the
plural wall thicknesses; and

based at least on the normalized anomaly wall thickness,

classifying the anomaly.

55. The method of claim 54 wherein the locations proxi-
mate to but away from the anomaly are selected from an
annulus surround a neck of the anomaly.

56. The method of claim 55 wherein a radius of the
annulus is fixed in software.

57. The method of claim 55 wherein a radius of the
annulus is adjustable by a user of software performing the
method.

58. The method of claim 55 wherein the annulus begins at
a location immediately at a boundary of the neck.

59. The method of claim 55 wherein the annulus begins at
a location set off from the boundary of the neck.

60. The method of claim 54 wherein classifying com-
prises:

consulting an atlas of normal wall thicknesses.
61. The method of claim 54 further comprising:

determining a normal wall thickness based on a measure-
ment of distension and location within the anatomical
structure;

wherein classifying comprises comparing normalized
wall thickness to the normal wall thickness.
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62. The method of claim 54 further comprising:

determining a normal wall thickness based on gender
associated with the anatomical structure;

wherein classifying comprises comparing normalized
wall thickness to the normal wall thickness.
63. The method of claim 54 further comprising:

determining a normal wall thickness based on age range
associated with the anatomical structure;

wherein classifying comprises comparing normalized
wall thickness to the normal wall thickness.
64. The method of claim 54 further comprising:

determining a normal wall thickness based on body
habitus associated with the anatomical structure;

wherein classifying comprises comparing normalized
wall thickness to the normal wall thickness.
65. The method of claim 54 further comprising:

determining a normal wall thickness based on body
habitus associated with the anatomical structure;

wherein classifying comprises comparing normalized
wall thickness to the normal wall thickness.
66. The method of claim 54 further comprising:

limiting the locations for the plural wall thicknesses to
those not indicative of an anomaly.
67. The method of claim 54 further comprising:

determining whether wall thickness measurements are
made on a haustral fold;

wherein classifying is based at least on whether wall
thickness measurements are made on a haustral fold.
68. A computer-implemented method of classifying an
anomaly appearing in a digitized image of an anatomical
structure of interest, wherein the digitized image portrays a
wall of the anatomical structure and at least one anomaly of
the anatomical structure, the method comprising:

calculating a normalized wall thickness via a plurality of
measurements of thickness of the wall of the anatomi-
cal structure;

measuring a thickness of a portion of the wall associated
with the anomaly; and

based on a comparison between the normalized wall
thickness and the thickness of the portion of the wall
associated with the anomaly, classifying the anomaly as
an anomaly of interest.
69. A computer-implemented method for processing an
anomaly in a colon, the method comprising:

in a digital representation of the colon comprising a
representation of the anomaly, matching a digital tem-
plate to the anomaly;

based at least on the matching, classifying the anomaly.

70. The method of claim 69 wherein the digital template
represents a hemispherical idealized anomaly of interest.

71. The method of claim 69 wherein the digital template
represents a round plateau idealized anomaly of interest.

72. The method of claim 69 wherein the digital template
represents an idealized classic polyp model.

73. The method of claim 69 wherein the matching gen-
erates a similarity coefficient.
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74. The method of claim 69 further comprising:

as a result of the matching, determining a center of the
anomaly.
75. The method of claim 69 further comprising:

as a result of the matching, determining a radius of the
anomaly.
76. The method of claim 69 further comprising:

as a result of the matching, determining an orientation of
the anomaly.
77. The method of claim 69 further comprising:

as a result of the matching, determining a cross-sectional
area of the anomaly.
78. The method of claim 69 further comprising:

as a result of the matching, determining a cross-sectional
volume of the anomaly.
79. The method of claim 69 wherein matching comprises:

shifting the template to generate a cross-correlation series.

80. A computer-implemented method of detecting anoma-
lies of interest in a virtual anatomical structure, the method
comprising:

matching a template to a region of the virtual anatomical
structure; and

based at least on the matching, eliminating the region
from consideration.
81. The method of claim 80 wherein the template repre-
sents a rectal tube.
82. A computer-implemented method of classifying a
candidate anomaly of interest in a virtual anatomical struc-
ture, the method comprising:

measuring a characteristic of a neck of the anomaly of
interest;

calculating a normalized wall thickness for the anomaly
of interest;

calculating a similarity between the anomaly of interest
and a template; and

based at least on the characteristic of the neck, the
normalized wall thickness, and the similarity, classify-
ing the candidate anomaly.
83. A computer-implemented method of depicting a vir-
tual anatomical structure, the method comprising:

detecting a plurality of candidate anomalies of interest in
the virtual anatomical structure;

calculating a normalized wall thickness for the anomalies
of interest; and

presenting a graphical depiction of the anomalies of
interest for consideration by a viewer, wherein wall
thickness associated with an anomaly is used to choose
a color for the graphical depiction.
84. A computer-generated user interface for presenting a
graphical representation of an anatomical structure, the user
interface comprising:

a depiction of the anatomical structure;

wherein regions of the anatomical structure having a
normalized wall thickness over a threshold amount are
depicted specially.



US 2004/0064029 Al

85. The computer-generated user interface of claim 84
wherein regions of the anatomical structure having a nor-
malized wall thickness over the threshold are depicted in a
distinctive color.

86. The computer-generated user interface of claim 85
wherein regions of the anatomical structure having a nor-
malized wall thickness over a second threshold are depicted
in a second distinctive color.

87. A computer-generated user interface for presenting a
graphical representation of an anatomical structure, the user
interface comprising:

a depiction of the anatomical structure;

wherein regions of the anatomical structure having a
curvature indicative of an anomaly neck are depicted
specially.

88. The computer-generated user interface of claim 87
wherein regions of the anatomical structure having a cur-
vature indicative of an anomaly neck are depicted in a
distinctive color.
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89. The computer-generated user interface of claim 88
wherein the curvature indicative of an anomaly neck com-
prises hyperbolic curvature.

90. A classifier for classifying a candidate anomaly of
interest in a virtual anatomical structure, the classifier com-
prising:

means for calculating at least one of the following char-
acteristics associated with the anomaly: a characteristic
of a neck of the anomaly, a normalized wall thickness
of the anomaly, and a similarity between the anomaly
and a digital template; and

means for classifying the anomaly based on the at least
one characteristic.
91. The classifier of claim 90 wherein the means for
classifying comprises a neural network.



