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Abstract. A novel approach for generating a set of features derived from prop-
erties of patterns of curvature is introduced as a part of a computer aided colo-
nic polyp detection system. The resulting sensitivity was 84% with 4.8 false
positives per volume on an independent test set of 72 patients (56 polyps).
When used in conjunction with other features, it allowed the detection system to
reach an overall sensitivity of 94% with a false positive rate of 4.3 per volume.

1 Introduction

As CT Colonography (CTC) is gaining broader acceptance as a screening method for
colorectal neoplasia [1], [2], [3], [4] which is one of the leading causes of cancer
deaths in the US, in a rather near future CAD tools could be employed as a second
reader to aid in polyp detection.

In this paper, we introduce a novel approach for generating a set of features derived
from properties of patterns of curvature to characterize the shape, size, texture, den-
sity and symmetry with the goal of facilitating the differentiation between polyps and
other structures in the volume of interest. Our computer aided polyp detection algo-
rithm consists of the following steps: candidate generation, feature extraction and
classification. A detailed description of the feature extraction algorithm, the focus of
this paper, is given in Section 2. We briefly explain the candidate generation step in
Section 3, followed by introduction of the feature selection and classification meth-
ods. Error validation approach and the results on the training and test sets are re-
ported in Section 4. The conclusion is given in Section 5.

2 Symmetrical Curvature Pattern Based Features for Polyp
Characterization

2.1 Symmetric Pattern Extraction

The new technique presented in this paper allows generating a set of discriminative
features for a given set of candidate locations. The features aim at capturing a general
class of mostly symmetrical and round structures protruding inward into the lumen
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(air within the colon), having smooth surface and density and texture characteristics
of muscle tissue. These kinds of structures exhibit symmetrical change of curvature
sign about a central axis perpendicular to the object’s surface. Colonic folds, on the
other hand, have shapes that can be characterized as half-cylinders or paraboloids and
hence do not present similar symmetry about a single axis.

We first apply 3D Canny edge detection to find the boundary between tissue and
colon lumen (air). Next, mean (H) and Gaussian (K) curvatures are calculated for
each boundary voxel using the intensity values of the original volume [5]. Then, cen-
tering on each boundary voxel, all the connected neighbors within a maximum dis-
tance (I ), determined by the maximum targeted polyp’s size (20 mm in our experi-
ments, plus extra ~5 mm was added in order to include the part of the boundary where
the polyp merges with the surrounding tissue) are considered. These neighbors are
grouped radially into concentric bands (see Fig.1).

Fig. 1. Left: 2D view of a sessile polyp; Right: rendered view with overlaid concentric bands of
increasing radius. The dashed circle illustrates the inflection band where polyp merges with the
surrounding tissue.

Average and standard deviations of K and H are computed within each band and
then, the curvature slope is computed from the top of the polyp to the place of merg-
ing. When the center is located on the top of a polypoid structure, the bands having
minimal Gaussian curvature (K,,;,) are likely to correspond to the polyp’s inflection
band (see Fig. 1) — the transition area between the polyp and normal healthy tissue.

Then K and H curvature slopes Sk and Sy are calculated as:

SK:(KC'Kmin)/DKmin (1)

Su=(H,- Hmax) / Dtimax (2)

Where S — Gaussian curvature slope,

Sy — mean curvature slope,

K. - average Gaussian curvature in the top central band,

H. - average mean curvature in the top central band,

Dxmin - distance from the top to the band having minimal Gaussian curvature,
Dxmax - distance from the top to the band having maximum mean curvature.

Voxels having negative Gaussian curvature slope are likely to correspond to a polyp
or other protrusions on the surface. Folds or other cylindrical structures could also have
similar properties, but the standard deviations of K and H curvature within the bands
having minimal Gaussian curvature are significantly higher in folds than in polyps. In a
specific VOI, the cluster having minimum average Sk among all clusters is then se-
lected as most likely corresponding to the boundary of polypoid object of interest.
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The following features are derived from the concentric bands centered in the voxel
of this cluster, which has maximum slope Sk: minimum Sy, standard deviations of K
and H in the polyp inflection band (which could be in different distances for K and
H), distance from the central voxel to the inflection band Dy, and Dgp,n, Standard
deviations of K and H in the central band, largest diameter d;, two orthogonal diame-
ters d,, d; and their ratios Aj, Ay, As.

2.2 Cutting Surface Interpolation

Colonic polyps are attached to colon wall, folds or could be partially (or fully) sur-
rounded by stool with no visible intensity difference, and hence detectable edges,
amongst all these objects. Thus, after detecting the cluster of air/tissue boundary vox-
els belonging to a polypoid object, it is necessary to interpolate underlying (cutting)
surface to separate polyp from the tissue it is attached to.

The segmented polyp surface is transformed to spherical coordinates using the cen-
ter mass of the lesion boundary voxels as the origin for the transformation. The new
coordinates r (¢ ,6) of every point (x,y,z) are estimated using linear interpolation. The

discretization degree is computed as D=round(2 T I';;45) so that a voxel at a maximum
radial distance, r,,,, from the center of the transformation, maps to a single voxel in
spherical space.

Intuitively, as a result of this step, continuous patches of surface in spherical coor-
dinates will represent an unwrapped object boundary. The following features are de-
rived from the object surface in spherical coordinates: the average, standard deviation,
and skewness of radius. These features will help to characterize the object size and
shape and its similarity to a fully symmetrical portion of a sphere.

The areas where there was no boundary voxel for the given (¢, 6 ) correspond to the
place where polyp is attached to the colon wall, or just touching other portions of the
colon wall, fold or stool. Usually the largest gaps in the image r (¢ ,6) correspond to
the base of a polyp, or attachment location. Additionally there could be other gaps
where object boundary is absent or is in contact with other portion of the colon wall.
The neighbors for each empty point in spherical coordinates can be much more easily
located than in Cartesian space. For example, in case of an empty hemisphere, which
has random holes, only the set of points from the rim are needed to interpolate the
base, and other sets of points from the edge of each hole to fill the holes.

In our implementation, for each empty voxel two closest neighbors are determined
from the existing surface patches first in vertical (¢) and then in horizontal (6) direc-
tions, (more neighbors could be used for better precision).

Fig. 2 shows a sketch in Cartesian coordinates for a section to interpolate where
two closest neighbors, for a fixed value of €, have been identified. These two points
(identified by the tips of the arrows from the center) and the center of coordinates
form a triangle for which two sides (radii r; and r,) and the angle between them ¢,, in
@ -direction (6,, in @-direction) are known. By solving this triangle relation, it is pos-
sible to interpolate all points lying along the third side (dashed line segment con-
nected the two endpoints of radii r; and r,), knowing the angle between the third side
and the radial line to be interpolated. For any empty point in spherical coordinate sys-
tem, the values for ¢ and @ are known and so is the angle with the origin of the
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transformation. For each value of ¢; between ¢; and ¢, each interpolating radius value
spanning the linear segment can be computed. Segment interpolation is linear in Car-
tesian space; in spherical space it spans a concave arc (see Fig 2. Right).

. colon wall
section to

interpolal®

colon wall

Fig. 2. Left: Interpolation of cutting surface in Cartesian space. Right: Interpolation results in
spherical space.

Final values of radii in the empty spots are computed as average of ¢ and O
neighbors. Once the interpolation is completed in spherical space, all points of the in-
terpolated surface are mapped back to the Cartesian coordinates.

Fig. 3. Left: 2D view of a rectal polyp shows no intensity difference between the polyp and co-
lon fold it is attached to. Air/polyp boundary is shown by dotted white line and the black
dashed line shows the cutting line to be interpolated. Middle: Rendered view of the top polyp
surface. Right: Rendered view of interpolated cutting surface. The segmented voxels belonging
to the polyp are highlighted in the rendered views. (Rendered views are not in scale with the 2D
view).

3 A Polyp Detection System

3.1 Candidate Generation

The data pre-processing phase includes colon segmentation and a transformation to
render the volume isotropic. The candidate generation approach is based on the ob-
servation that, planar cross-sections of the volume at different orientations will yield
roughly circular cuts only in the case of polyps. After the segmentation of the lumen
(air inside the colon), our implementation uses 13 planar orientations to search for
cross-sections with such characteristics around each voxels. The overall algorithm is



Symmetric Curvature Patterns for Colonic Polyp Detection 173

computationally efficient and produces a rather low number of candidates per volume,
typically less than 60 candidates/volume (over 100 candidates/patient).

3.2 False Positive Reduction: Classification

The next step aims at filtering out most of the false positives by means of features
characterizing the resemblance of the detections to our model (described in Section 2).

Greedy search method [6] was used for feature selection using the set of features
described throughout the paper (see Table 1) and quadratic discriminant analysis clas-
sifier (QDA) [7] was used for false positive reduction.

Table 1. Set of features for classification chosen by a greedy search method

# Feature Feature description
1 Sy Mean curvature slope
2 StdK, Standard deviation of K in the central ring
3 StdH, Standard deviation of H in the central ring
4 StdH, Standard deviation of H in the polyp inflection belt
5 d, Second maximum diameter
6 d; Third maximum diameter
7 M Ratio d,/d, (first to second maximum diameter)
8 Meanlnt Average intensity inside the object
9 MaxInt Maximum intensity inside the object
10 StdInt Standard deviation of intensity inside the object

4 Experiments and Results

4.1 Data Characteristics

In order to evaluate the discriminating power that features computed from curvature
patterns provide, we used a dataset of 168 patients with, 329 prone and supine vol-
umes (some cases did not have both prone and supine studies) from high-resolution
CT scanners obtained from four different hospitals. These included both patients with
polyps (positive cases) (n=81) and patients without polyps (negative cases) (n=87).
The sensitivity and false positive rate of our system was established with respect to
CTC by comparison to results from concurrent fiber-optic colonoscopy.

The datasets were randomly partitioned into two groups: training set (n=96, 187
volumes) and test set (n=72, 142 volumes). The training set had a total of 76 polyps:
33 small (smaller than 6 mm), 30 medium (6 to 9.99 mm), 13 large (10 to 20 mm).
The test set had total of 56 polyps: 23 small, 22 medium, and 11 large. Polyps
smaller or equal to 3 mm were then excluded from both training and test sets leaving
71 and 55 in the training and test sets respectively.
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The test set was sequestered and only used to evaluate the performance of the final
system. The training-set was used to design the classifier and to automatically select
the relevant features as described above.

The system’s performance was determined on the training-set using Leave-One-
Patient-Out (LOPO) cross-validation procedure. In this scheme, both supine and prone
views of a case are left out. The classifier is trained using the volumes from the remain-
ing N-1 cases, and tested on volumes of the “left-out” case. This process was repeated N
times, and the resulting testing errors were averaged to determine the LOPO error. In
the computation of the per patient sensitivity, a polyp was considered as “found” if it
was detected in at least one of the volumes (supine or prone) from the same patient.

4.2 Results

Results on the Training Set: The candidate generation yielded an average of 51.7 can-
didates per volume while missing 6 small (2 of which were 3 mm and smaller) and 2
large polyps. LOPO cross-validation yielded a false positive rate of 4.9 per volume
and overall sensitivity 84.4%. When considering polyps lost during the candidate
generation phase, the overall sensitivity reduces to 77.5%.
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Fig. 4. ROC curves for LOPO, training and test rates for false positive reduction step (without
candidate generation losses taken into account)

Results on Test Group: The test group was used for evaluation and provided an esti-
mate of performance on completely unseen data. The candidate generation phase
yielded an average of 47.9 candidates per volume while missing 7 small (one of




Symmetric Curvature Patterns for Colonic Polyp Detection 175

which was smaller than 3 mm) and 1 medium polyps. We obtained a false positive
rate of 4.8 per volume and an overall sensitivity was 84.8%. The overall sensitivity on
the test set comes to 73.6% when the polyps lost during the candidate generation are
taken into account.

A variation of receiver operating characteristic curve (ROC), plot of sensitivity of
the QDA classifier using the set of features listed in Table 1 against its false positives
rate, (without candidate generation losses taken into account) is shown in the Fig.4
below. The plot shows ROC curves for LOPO validation, training and test sets. The
operating point on the ROC curve was chosen according to the desired classifier sen-
sitivity of around 85% with false positives rate less than 5 for both test set and LOPO
validation rate.

5 Conclusion

In this paper we presented a method for colonic polyp detection and generation of fea-
tures for classification based on the symmetry of curvature patterns. The high sensi-
tivity and low false positive rate achieved demonstrates that the proposed algorithm
allows generating highly discriminative features suitable for computer aided colonic
polyp detection. In fact, when used in conjunction with other features, it allowed the
detection system to reach an overall sensitivity of 94% with a false positive rate of 4.3
per volume [3]. This approach could also be applied to the detection and segmentation
of other abnormal anatomical structures such as aneurisms or lung nodules. The cur-
vature pattern based polyp segmentation method used as a part of this could be used
to automatically obtain accurate polyp size measurements [10]. Finally, while classi-
fication was not the focus of the paper, the false positives rate could be further re-
duced by using a more advanced classification such as methods described in [8], [9];
applying detection ranking scheme, and by introducing additional features.
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