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Abstract

In this thesis we address the problem of segmentation and detection of colorectal polyps in endoscopic images
obtained by a wireless capsule endoscopic device. As colorectal polyps are precursors to colonic cancer, and an
early detection and removal of colorectal polyps can positively affect the prognosis of colonic cancer (one of the
leading causes of death by cancer), it is our goal to develop an computer aided diagnosis method to detect colorectal
polyps. With this in mind, a segmentation and detection method for colorectal polyps images acquired by wireless
capsule endoscopy was developed.

The cornerstone of the approach of segmentation and detection is the fact that, as polyps are protrusions
emerging from colonic walls, the polyps can be segmented by curvature descriptors. The curvature descriptors
require denoised images and their continuous representation. Because of this, we use local estimations of the
images (Local Polynomial Approximation) which provide both denoising and a continuous representation of the
images. A wrapper feature selection algorithm (greedy forward feature selection algorithm) was implemented in
order to determine a set of features for the classification. The classification is performed using Support Vector
Machines, being obtained several sets of features resulting of the progression metrics used, balancing of the training
set, and type of kernel for the SVM.

The segmentation and detection method using the classifier was tested in several scenarios presenting good
results both using the same video sequences as training data and testing data (cross-feature validation) and different
video sequences as training and testing data.

Keywords: polyp segmentation, polyp detection, local polynomial approximation, forward stepwise wrapper
subsection selection.

1 Introduction

Nowadays, with the advances in medicine and technol-
ogy, we are presented with different challenges to improve
both lifespan and quality of life. One of the main health
problems of modern society is cancer, with colonic cancer
being one of the leading causes of death by cancer [14]
(third most commonly diagnosed cancer in the world).
Colorectal polyps are abnormal growths in the mucosa
of the colon or the rectum. As shown in [16], colorectal
polyps, being considered either hiperplastic growths or
adenomas, can easily mutate into carcinomas leading to
colorectal cancer. Not only the surgical removal of polyps
(in their hiperplastic or adenomal stages) increases the
life expectancy of the patients but also the early stages
of colorectal cancer is usually curable with surgery. From
[15], it is possible to gather the following survival rates
beyond five years, showing the importance of an early

diagnosis and intervention on colorectal polyps and col-
orectal cancer:

Table 1: Approximate survival rates beyond five years

and TNM stage at the moment of diagnosis

TNM stage I and II TNM stage III TNM stage IV
90% 48% 7%

Several methods are available to perform the imaging
of the colorectal area and available to gastroenterology,
such as conventional endoscopy and virtual colonoscopy.
Wireless capsule endoscopy is a fairly recent imaging
method with little invasion, consisting on a miniature
camera with wireless data transfer capabilities [1]. The
capsule endoscopy device which sources the images that
will be used is a PillCam Colon capsule (Figure 1). This
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device is a miniature dual camera (front and back) pill
with illumination assured by LED flashlights and a ac-
quisition rate of 4 frames per second.

Figure 1: PillCam Colon capsule.

A colorectal polyp is an abnormal growth occurring in
the mucosa of either the colon or the rectum. The col-
orectal polyps have two distinct shapes: pedunculated
(Figure 2(b) - similar to a mushroom, attached to the
mucosa by a stalk) or sessile (Figure 2(a) - similar to a
mushroom cap). The general morphology of a colorectal
polyp (a fleshy growth in an otherwise wavy and smooth
surface) is the cornerstone for the approach used in this
work. As the polyps are generally protrusions in folds, it
is possible to apply curvature based methods in order to
single out the polyps.

(a) Example of a sessile

polyp (bottom-right of the

image)

(b) Example of a peduncu-

lated polyp (center-top of the

image)

Figure 2: PillCam Colon capsule and the example of the

two distinct polyp shapes.

Whereas most works here cited regard wireless capsule
endoscopy [12, 11, 6, 9, 13], some curvature based meth-
ods developed for virtual colonoscopy [18, 7, 17, 5] have
inspired us into developing a curvature based method for
polyp detection and classification.

One of the approaches of polyp detection and classifi-
cation, both in wireless capsule endoscopy imaging and
in virtual colonoscopy imaging is a curvature-based ap-
proach. This approach is present in [6, 18, 7, 17] where
multiple curvature descriptors are used (Gaussian cur-
vature, mean curvature, principal curvatures) to detect
and segment polyps.

A different approach is followed in [11] where an auto-
mated segmentation method is developed based on Local
Polynomial Approximation (LPA) and color descriptors
for wireless endoscopic capsule images being the main
classification methods performed by the use of color tex-
ture analysis and performing cluster analysis in each of
the pixels (k-means) for finding homogeneous regions
based on their color descriptors.

In order to achieve the proposed segmentation and de-
tection of human colorectal polyps the following sequen-
tial approach was performed:

1. Preprocessing, segmentation and detection. For
each of the video sequences, a preprocessing step
is performed, aiming to reduce the degradation of
the images due to illumination and high reflectance
factors. The segmentation step of the preprocessed
images consists in the application of a LPA filter
and use of principal curvature and morphological
operators in multiple color subspaces to obtain a
rough segmentation of the images. The detection
stage consists on the application of information from
the LPA filtering, the Laplacian of the images and
the principal curvatures to select, in an heuristic
fashion, the polyp candidates from the segmenta-
tion data, aiming to remove non-polyp segmented
regions, making the lowest compromise possible re-
garding the non consideration of a polyp segmented
region as a polyp candidate.

2. Classification - search of the set of features for polyp
detection. A stepwise forward wrapper subset selec-
tion algorithm is applied to a large set of features
(curvature based descriptors calculated inside gray-
scaled candidate regions of the image and contour
based descriptors calculated from the contour of the
candidate regions). The wrapper subset selection
algorithm consists on the application of a greedy
forward feature selection algorithm to all available
data using Support Vector Machines (SVM) with
(N − 1)-fold cross validation. The effect of the use
of non-linear kernels in the SVM and the effect of
artificially balancing the training set is also tested.
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3. Assessment of the set of features determined deter-
mined previously. Multiple 10-fold cross validation
with random partitioning are performed, using the
determined set of features, to each video sequence
in order to assess the validity of the detection and
classification using as training data the same video
sequence. Furthermore, we apply the detection and
classification methods to a video sequence using as
training data a different video sequence; and per-
form analysis of a separate image acquired by nor-
mal endoscopy imaging.

2 Segmentation and Detection

2.1 Preprocessing

As seen in figures 2(a) and 2(b), there are several degra-
dation methods of the images (bubbles, particles, spec-
ular reflection, and vignetting). In order to mitigate the
effects of the vignetting, considering that the illumina-
tion source is stationary regarding the camera frame and
does not suffer fluctuations, it is possible to model the
illumination non-homogeneity, and apply this model to
the available images.

Let It : Ω → R, (x, y) 7→ It(x, y) be the t-th video
frame of the video sequence. The domain Ω may be a bi-
dimensional grid or subset of R2. Let L(x, y) : Ω → R+

the illumination image (including vignetting effects and
admitted constant), being Iot(x, y) : Ω → R+ the orig-
inal unknown video frame t of the video sequence (rep-
resenting the reflectance of the surface), a simple model
for the observed image given the original image and the
illumination image is:

It(x, y) = Iot(x, y)L(x, y) (1)

Given a large number of dissimilar frames in the video,
with the assumption that L(x, y) is immutable in a video
sequence, we have that:

tend∑
t=tstart

1

N
It(x, y) = L(x, y)

tend∑
t=tstart

1

N
Iot(x, y) (2)

As N = tend − tstart is assumed to be large enough and
the sampling mean of Iot is assumed homogeneous in
all points (there is no reason for the the existence of a
preferred orientation or part of the image),

tend∑
t=tstart

1

N
Iot(x, y) ≈ α

1 . . . 1
...

. . .
...

1 . . . 1

 (3)

Therefore it is possible a normalization of the frame t
using the estimation of the illumination image L, or nor-
malizer:

Iot(x, y) ≈ It(x, y)

αL(x, y)
(4)

This model will fail in the frontier regions, over-
brighting them. With L ∈ [0, 1] and β ∈ [0, 1], we pro-
pose the following correction to the vignetting attenua-
tion model:

Iot(x, y) =
It(x, y)

βL(x, y) + (1− β)
(5)

2.2 Segmentation by Maximum Princi-

pal Curvature.

The segmentation of the images is based on two assump-
tions: the center of a polyp has a negative maximum
principal curvature (MPC); and the polyp is delimited
by positive values of MPC. Defining the following enti-
ties,

E ≡ ∂
∂x

2
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∂x
∂
∂y , G ≡

∂
∂y

2
+ 1
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∂
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∂y

2
+1
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∂xy√
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∂y

2
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∂x2√
∂
∂x

2 ∂
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2
+1

(6)
the calculation of the MPC[3] is trivial

MPC = eG−2fF+gE
2(EG−(F )2) +

√
( eG−2fF+gE
2(EG−(F )2) )2 − eg−f2

EG−(F )2 .

(7)
Calculating the MPC for a sample image (making the

substitution of the derivatives by finite differences) we
obtain the results in figure 3(b) for the maximum prin-
cipal curvature of the figure 3(a). It is evident a ma-
jor drawback of the maximum principal curvature - its
susceptibility to noise and low-level structures. We can
think of two possible solutions to this problem: either
filter the image with a strong linear lowpass filter move
noise up to a level such that the curvature results are
useful; or apply local estimations techniques to obtain
a denoised image. In this work, we follow the latter,
as it allows to locally adapt the strength of the filter to
the amount of local noise. To that end, we use Local
Polynomial Approximation (LPA) [10] to denoise. The
LPA technique used in this work consists roughly in the
estimation of a bivariate polynomial for each pixel that
estimates the neighborhood of that pixel in a fixed size
window. Therefore, we can use the exact formulas to
computing the principal maximum curvature instead of
using approximations based on finite differences. We
then perform the calculation of the MPC based on the
LPA (figure 3(c)).
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(a) Preprocessed image be analyzed.

(b) Maximum principal curva-

ture computed using the finite

difference approximation.

(c) Maximum principal curva-

ture computed using the LPA

method.

Figure 3: Maximum principal curvature.
With the calculated MPA over the LPA, we obtain the

non negative part of this image (denoted by D). We ob-
tain an image D0 which represents the integer relation-
ship of D with a fraction of the standard deviation of
the whole image D. Defining D1 ≡ −D0 + max(D0), we
apply two different morphological operations depending
on the value of D1 (morphological opening if the value is
low or morphological closing if the value is high) as seen
in figure 4.

(a) D1 of the image. Zones

(higher value) and their delim-

itations (lower value).

(b) D1 after morphological

operations. Effect of the vari-

able morphological operation

application.

Figure 4: Result of the morphological operations

We now have a rough segmentation of the images

based on the MPC. Applying the described segmentation
method for the three channels of the RGB color model,
and for the three channels of the HSV color model, we
obtain six different partitions. The rationale for this ap-
proach is that different tissues respond differently to dif-
ferent wavelengths (in the case of the RGB) and that the
segmentation in the HSV color channels might harness
information on changes of illumination (due to depth -
structures closer are brighter than structures more dis-
tant) and tonality of the structures. We define that a
partition is correct when at least 4 of the 6 segmented
channels agree on the partition (as seen in figure 5).

(a) Normalized image to be

segmented

(b) Thresholding segmenta-

tion with at least 4 channels

in agreement

Figure 5: Normalized image to be segmented

From the partitions in figure 5, we perform a correc-
tive segmentation step to include curvature and geom-
etry information(Laplacian, MPC, and Minimum Prin-
cipal Curvature), and brightness inside the partition.
This corrective segmentation step will reduce the size
and number of the partitions (as seen in figure 6).

Figure 6: Corrective segmentation. Red - initial segmen-

tation; Green - final segmentation; Yellow - superposition

of initial and final Segmentations.
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3 Classification

As the segmentation and detection methods presented
previously are unable to single out polyps, we will design
a classifier to be applied to the elements of the partition
obtained in the segmentation phase that are likely to
contain polyps.

Prior to the design of the classifier, we must consider
the fact that in the three video sequences used in this
work, there are only thirty frames containing polyps (cor-
responding to four polyps). Considering that for all the
video sequences we obtain thirty elements of the parti-
tion that are polyps in an universe of over one thousand
of elements of the partition. This poses a problem, as
any training set formed from the available data will be
unbalanced and of reduced size. Furthermore, as we have
a big number of features , we are presented with Hughes
phenomenon [8]. The risk of over-fitting and the loss
of the generality of the classifier is existent due to the
large dimensionality of the problem. To mitigate this
situation, we will use a wrapper subset feature selection
algorithm (greedy forward selection) to perform dimen-
sionality reduction on the set of features.

The classifier used is a Support Vector Machine (SVM)
[2]. This classifier will perform a binary classification on
the elements of the partition obtained in the segmenta-
tion phase classifying them as polyps or non-polyps. The
SVM is a supervised classification method which creates
a separation boundary (hyperplane as we use a SVM with
a linear kernel) that has largest distance to the nearest
training data points of the two classes.

3.1 Set of Features

Four features based on the Fourier Descriptors [19] of
two different representations of the contour of the par-
titions are extracted. Furthermore, from the calcula-
tion of geometry and curvature indicators inside each of
the partitions (Gaussian curvature, normalized Gaussian
curvature, mean curvature, maximum principal curva-
ture, minimum principal curvature, determinant of the
Hessian matrix, first eigenvalue of the Hessian matrix,
and second eigenvalue of the Hession) several statistics
(mean, median, standard deviation, maximum, and min-
imum) are calculated obtaining the set of features used
for classification.

3.2 Feature selection

Due to the problems aforementioned of the large dimen-
sion of the feature set, a feature selection method is
implemented. Using a greedy forward feature selection
(stepwise forward wrapper subset selection algorithm)

based on maximization of the F1 score (F1 ≡ 2PPV×SEN
PPV+SEN ,

whereas PPV and SEN denote respectively the positive
predictive value - in a frequency based approach, the
probability of a partition element being as a polyp given
that the partition element was classified as a polyp; and
the sensitivity - in a frequency based approach, the prob-
ability of a partition element being classified as a polyp
given that the partition element is a polyp).

The maximization of the F1 score will lead to both
the maximization of the positive predictive value and
the maximization of the sensitivity. Because of the re-
duced size of the available training set, we were led to
use a (N−1)-fold cross feature validation to perform the
feature selection. Multiple kernel types are tested for
the SVM, and the effect of the balance of the training
set is also tested. The original training set is extremely
unbalanced (i.e. in the combination of all the video se-
quences, the ratio between the number of frames con-
taining polyps and the number of frames not containing
polyps is lower than 1

10 , whereas the ratio between polyp
partitions and non-polyp partitions is a approximately
1
50 ). The artificial balancing is performed selecting all
the polyp partitions and an equal number of randomly
selected non-polyp partitions from all the videos.

The results of the classification using as a performance
metric the F1 score, using different types of kernels for
the SVM (linear kernels and radial basis functions as ker-
nels - RBF), and using balanced and unbalanced training
sets are present in table 2. Further metrics are used to
assess the performance of the classification that we will
define here in a frequency based approach: negative pre-
dictive value - NPV (probability of a partition element
not being as a polyp given that the partition element was
classified as a non-polyp); and specificity - SPE (prob-
ability of a partition element being classified as a non-
polyp given that the partition element is not a polyp).

Table 2: Measure of the performance of the best set of

features found for each method

Training Set Unbalanced Balanced Balanced
SVM Kernel Linear Linear RBF

PPV 75% 74.07% 79.59%
NPV 97.65% 88.24% 87.18%
SEN 92.31% 90.91% 88.64%
SPE 91.21% 68.18% 77.27%

F1 Score 0.8276 0.8163 0.8387
# Features 17 6 8
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4 Results

With the segmentation, detection and classification
methods developed, we apply them in several tests per-
formed to analyze the performance and applicability of
these methods in the available data. Being the segmenta-
tion and detection method developed applicable to single
images (with exception of the preprocessing stage) and
the classification method developed needing the existence
of training data, three different approaches are used to
perform the testing:

• Test the segmentation, detection and classification
methods using the same video sequence as test video
sequence and training video sequence, without ever
using the same video frame as both test frame and
training test (10-fold cross validation).

• Test the segmentation, detection and classification
methods using different testing and training video
sequences.

• Test the segmentation, detection and classification
methods in a single image frame, without prepro-
cessing.

4.1 Segmentation, detection and classifi-

cation of polyps in video sequences

using the same video sequence as

training set

Three classification methods were used: using SVM with
a linear kernel function with features selected from an
unbalanced training set (LU); using SVM with a linear
kernel function with features selected from a balanced
training set (LB); and using SVM with a RBF kernel with
features selected from an balanced training set (LB). All
the images of the candidate zones considered polyps by
the classification method refer to the LU method.

In all the tests performed, the segmentation and de-
tection method successfully segmented the images (as
seen in figures figures 7(b) and 8(b)). An example of
the classification method correctly classifying a polyp is
present in figure 7(c), and incorrectly classified a non-
polyp structure as a polyp in figure 8(c).

Table 3: Mean performance metrics for the detection and

classification of polyps with 10 repetitions of the random-

ized 10-fold cross using the three classification methods.

The number inside the parentheses corresponds to the

video sequence used both to train and test the classifier.

Class. Mean Mean Mean Mean Mean
Method SEN % SPE % PPV % NPV % F1 score
LU(1) 73.33 98.89 21.01 99.83 0.3259
LB(1) 36.67 98.87 17.65 99.59 0.2365
RB(1) 66.67 100.00 100.00 99.75 0.8000

LU(2) 74.29 59.17 7.38 98.13 0.1343
LB(2) 87.14 65.83 10.04 99.15 0.1800
RB(2) 79.05 85.96 19.78 98.95 0.3164

LU(3) 68.50 83.40 12.34 98.73 0.2091
LB(3) 87.70 72.03 9.59 99.39 0.1727
RB(3) 50.00 94.22 22.84 98.22 0.3134
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(a) Normalized frame (b) Candidate zones de-

tected by segmentation and

detection method

(c) Candidate zones consid-

ered polyps by classification

method

Figure 7: Analysis of frame 68 of video sequence 2

(a) Normalized frame (b) Candidate zones de-

tected by segmentation and

detection method

(c) Candidate zones consid-

ered polyps by classification

method

Figure 8: Analysis of frame 77 of video sequence 1

4.2 Segmentation, detection and classi-

fication of polyp images and videos

using a different video sequence as

training set

In this test, we will present only the images regarding
the classification using the LU method.

(a) Normalized frame (b) Candidate zones de-

tected by detection method

(c) Candidate zones consid-

ered polyps by classification

method

Figure 9: Analysis of frame 50 of video sequence 1 using

as training data the video sequence 3

As we can observe from figures 9(b) and 9(c), the polyp
is correctly segmented, detected and classified. There is
present a false positive in figure 9(c). This is a good
result, being the classification method a great improve-
ment on the detection method removing a big number of
false positives. This result is also good considering that
no information about the video sequence 1 is given to the
detector or the classifier. Whereas it is not a perfect re-
sult, it shows the potentialities of both the segmentation
and detection method and the classification method, be-
ing able to correctly segment, detect and classify polyps
in a video sequence based only in a non-related different
video sequence.

The overall sensitivity and specificity of the whole
analysis of video sequence 1 using as training data the
video sequence 3 is respectively: 100% and 72.65% for
the LU method; 66.67 % and 83.55% for the LB method;
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and 0 % 90.38 % for the RB method. The decrease in
performance when using features selected using a bal-
anced training set is probably due to the fact that, even
though the balanced and unbalanced training sets have
the same number of polyp partitions, the balanced train-
ing set more than 20 times smaller than the unbalanced
set. Therefore, unable to have the generalizing capability
of the classifier using the unbalanced training set.

4.3 Segmentation, detection and classifi-

cation of polyps in single image ac-

quired by normal endoscopy

In this case, the non-preprocessed image (figure 10(a))
acquired by regular endoscopy is segmented (figure
10(b)) in multiple small regions and three larger regions
(one of them including the polyp). The classification
method (LU) correctly singles out the polyp region (fig-
ure 10(c)). This result was not expected as the detec-
tion and classification method was specifically tailored
for wireless capsule endoscopy. This result shows the
applicability of the segmentation, detection and classifi-
cation method to other modalities of imaging.

(a) Original polyp image (b) Candidate zones de-

tected by detection method

(c) Candidate zones consid-

ered polyps by classification

method

Figure 10: White light low-magnification view of pedun-

culated polyp captured by normal endoscopy (Catholic

University of the Sacred Heart) retrieved from [4].
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5 Conclusion

The problem of segmentation and detection of colorectal
polyps, being easy for an human, it is an extremely hard
problem to automate. We attempted the resolution of
this problem using a low-level approach to the problem
of segmentation and detection. Several factors affect the
difficulty of this problem. Not only the images have mul-
tiple degradation mechanisms (strong vignetting, high
specular reflectance, presence of bubbles in the images),
but the problem itself of segmentation and detection is
an ill-posed problem. The presence of polyps is not al-
ways clear as the variability of the polyps is extremely
high.

With the segmentation, detection and classification
method developed and tested we attempted to make a
small step toward the automation of a segmentation and
detection of human colorectal polyps.

5.1 Results and their applicability to the

medical environment

Even though the method is capable of detecting and clas-
sifying polyps in video frames and images being trained
by a relatively small training set, it has yet to achieve the
desirable sensibility and positive predictive values to jus-
tify the safe application in medical environment. On the
other hand, the computational burden of the detection
is still too big to allow an efficient application of the de-
tection and classification method to a full video sequence
(e.g. the detection method consumes around 50 seconds
per frame on its MATLAB R© implementation running on
an Intel R© Core TMi7-720QM Processor, which amounts
to up to 1800 hours for detection procedure of a 9 hour
video at 4 frames per second). This situation could be
mitigated developing a parallel implementation for the
segmentation and detection method.

5.2 Limitations of this work

Several limitations affected the outcome of this work, ei-
ther by the dimension of the available data or by design
choices.

Due to the reduced number of video sequences (3) and
their low duration (25 seconds or 100 frames), the danger
of designing an tailored and over-adapted detection and
classification system was present. In order to attempt the
mitigation of over-adapting the method to the available
data, for each step of the development process, only two
thirds of the video sequences were available to testing the
results of the approaches chosen.

On the other hand, the reduced number of video se-
quences and their low duration led to a low size of the

available test data. One attempt to reduce the effects
of the low size of the available test data was to perform
in the greedy forward feature selection (N −1)-fold cross
validation and in the testing of the detection and classifi-
cation method using the same video sequences as testing
and training data a 10-fold cross feature validation. We
believe that with a larger and more representative train-
ing set, better results in the classification stage could
have been obtained.

Finally, there is the small role that the video sequence
had in the general view of the detection and classification
method. The only step where the fact that the data is,
originally, a video sequence is used to gain an advantage
is during the preprocessing step. The consideration of
the data as separate images and not as sequential images
leads to a drastic reduction of sensibility (i.e. a situa-
tion where three consecutive frames have polyps and the
method only detects polyps in the first and third frame
could be drastically improved by performing a search in
the second frame with more relaxed parameters and with
more insight on the probable location of the polyp).

5.3 Further work

There are several approaches that we would like to ex-
plore in the area of segmentation, detection and classifi-
cation of colorectal polyps.

Firstly, the inclusion of a temporal perspective in the
processing with the use of recursive stochastic filtering.
This would allow the consideration of the data as a video
sequence instead of separate polyp frames. With this ap-
proach both the segmentation and detection method and
the classification method could be significantly improved.

Secondly, there is the possibility of improving both
the processing techniques and the acquisition techniques
with use of multi-spectral acquisition procedures (in an
approach analog to the Narrow Band Imaging (NBI)
techniques already used in regular endoscopy).

Finally, as the approach used was a low-level approach
to the segmentation and detection process, the use of
middle-level, high-level and conceptual-level expert sys-
tems, with integration of Artificial Intelligence to provide
a better decision system for the problem of segmentation
and detection already approached from a low-level per-
spective.

9



References

[1] D. Adler and C. Gostout. Wireless capsule endoscopy.

Hospital Physician, 1:16–22, 2003.

[2] C. Bishop. Pattern Recognition and Machine Learning.

Springer, 2006.

[3] M. Carmo. Differential Geometry of Curves and Sur-

faces. Prentice-Hall, Inc., Englewood Cliffs, NJ, USA,

1976.

[4] J. Cohen. Comprehensive Atlas of High Resolution En-

doscopy and Narrowband Imaging. Wiley-Blackwell, 1st

edition, June 2007.

[5] M. Coimbra and M. Dinis-Ribeiro. A review of current

computer aided diagnosis systems for polyp detection in

virtual colonoscopy. Proc. Conf. on Telecommunications,

1, May 2009.

[6] I. Figueiredo, S. Prasath, Y. Tsai, and P. Figueiredo.

Automatic detection and segmentation of colonic polyps

in wireless capsule images. Unpublished, September 2010.

[7] A. Huang, R. Summers, and A. Hara. Surface curva-

ture estimation for automatic polyp detection. Medical

Imaging: Physiology, Function and Structure from Med-

ical Images, Proc. of SPIE, 5764:393–402, 2005.

[8] G. Hughes. On the mean accuracy of statistical pattern

recognizers. IEEE Transactions on Information Theory,

14:55–63, 1968.

[9] S. Karkanis, D. Iakovidis, D. Maroulis, D. Karras, and

M. Tzivras. Computer-aided tumor detection in endo-

scopic video using color wavelet features. IEEE Transac-

tions on Information Technology in Biomedicine, 7(141–

152), September 2003.

[10] V. Katkovnik, K. Egiazarian, and J. Astola. Local Ap-

proximation Techniques in Signal and Image Processing.

SPIE Press, 1st edition, September 2006.
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