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ABSTRACT

Colon cancer is the third most common type of cancer in the United States of America. Every year about 140,000
people are newly diagnosed with colon cancer. Early detection is crucial for a successful therapy. The standard
screening procedure is called colonoscopy. Using this endoscopic examination physicians can find colon polyps
and remove them if necessary. Adenomatous colon polyps are deemed a preliminary stage of colon cancer. The
removal of a polyp, though, can lead to complications like severe bleedings or colon perforation. Thus, only
polyps diagnosed as adenomatous should be removed. To decide whether a polyp is adenomatous the polyp’s
surface structure including vascular patterns has to be inspected. Narrow-Band imaging (NBI) is a new tool to
improve visibility of vascular patterns of the polyps. The first step for an automatic polyp classification system
is the localization of the polyp. We investigate active contours for the localization of colon polyps in NBI image
data. The shape of polyps, though roughly approximated by an elliptic form, is highly variable. Active contours
offer the flexibility to adapt to polyp variation well. To avoid clustering of contour polygon points we propose
the application of active rays. The quality of the results was evaluated based on manually segmented polyps as
ground truth data. The results were compared to a template matching approach and to the Generalized Hough
Transform. Active contours are superior to the Hough transform and perform equally well as the template
matching approach.
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1. INTRODUCTION

Colon cancer is one of the most common forms of cancer among the population of the western hemisphere. In
the United States of America, about 140,000 people are newly diagnosed with colon cancer every year and about
50,000 people die as a result of this disease.1 Colon cancer develops rather slowly (during about 5-10 years).
Complete recovery is often possible if cancer is diagnosed at an early stage. Vogelstein showed that colon polyps
usually turn into cancer in two major stages (adenoma-carcinoma-sequence).2 The key to cancer prevention is
to detect potentially adenomatous polyps (adenomas). The standard medical procedure for diagnosis of colon
polyps and cancer is colonoscopy, an examination of the colon with a flexible video endoscope. Normally the
endoscope has an inbuilt canal which allows the medical practitioner to insert tools into the focussed area and
perform tasks like taking tissue samples or removing polyps. The removal of polyps may cause side-effects like
severe bleedings or even perforation of the colon wall. Therefore medical practitioners seek to only remove
adenomatous polyps and leave the benign ones (hyperplasias) in the colon. Visual inspection by a medical
practitioner is necessary to decide whether a polyp is an adenoma or a hyperplasia.

Kudo demonstrated that adenomas have a surface structure (pit pattern) differing from benign polyps and
colon mucosa.3 Thus, the practitioner can dye the surface of the polyps to enhance the surface structure’s
conspicuousness (chromoendoscopy).4 However, the dye has to be removed for any further treatment, which is
time consuming and tedious.

In a study by Tischendorf et al.5 a special light source is used which is able to emit white and narrow band
(NBI) light. NBI-light consists of two narrow frequency bands at 415 nm and 540 nm in contrast to white light
which covers a wide range of frequencies from 380 nm to 780 nm. NBI-light is well absorbed by haemoglobin
thus highlighting blood vessels. It was shown that the blood vessel structure can be used as an indicator for
adenomatous tissue.5 Stehle et al.6 presented a computer aided diagnosis system for the classification of colon
polyps based on the analysis of vessel structure.



Delineation of polyps in colonoscopic images is the first step for any automated classification of colon polyps.
Colon polyp classification is often based on tissue texture or blood vessel structures6 . Therefore, any surface
which is not part of the polyp has to be omitted. Additionally, the detected area should cover most of the
polyp’s area to gain as much polyp data as possible. The more data is captured the higher is the accuracy of
the classification process.

To the human eye, polyps are prominent objects in an image. Gross et al.7 localize polyps in NBI-images by
a template matching approach exploiting the ellipse boundary shape often exhibited by polyps. However, polyp
images usually show a lot of detail. A simple edge detection approach would identify a vast number of edges.
Thus, a non-linear diffusion filter8 was put in place to reduce the number of edges found by subsequent Canny
edge detection.9 The resulting edges were filtered by a multi-scale dilation process after which only prominent
edges remain. The residual edges were compared to a database containing elliptical templates at different sizes,
axis ratios, rotation angles and at different positions. The best fitting ellipse is combined with the edge image
of the polyp to determine the assumed position of the polyp in the image.

In this paper we investigate a new approach to the localization of the colon polyps using active contours. The
remainder of this paper is structured as follows. In chapter 2 active contours and active rays are introduced as
new a localization method for colon polyps. The evaluation of the new localization methods and the results are
described in chapter 3. In chapter 4 conclusions are drawn.

2. METHOD

Delineation of colon polyps is the first step of polyp classification. A standard approach to medical image analysis
are active contours,10 which were first described by Kass et al.11 The aim of this approach is to find objects in
an image by modifying contours until they fit the object’s boundary. These contours are described by polygons
(points connected by lines). The polygon points are moved iteratively until a minimum energy configuration is
reached, which is determined by the energy model of the active contour. The line integral along the contour

Eactive contour =

∫ 1

s=0

(Einternal(v(s)) + Eexternal(v(s))) ds (1)

of the two basic energy types (Eexternal and Einternal) defines the energy state the contour is currently in. Both
basic energy types are calculated for every polygon point and are subsequently summed up. The resulting value
is the current energy state of the contour polygon, which has to be minimized.

The external energy Eexternal is determined by the position of the polygon points in the image plane. Edges
have proven to be a feasible feature to localize polyps on colonoscopic images.7 Therefore, it is reasonable for
the external energy to rely on edge information. The external term used is determined by the distance to edges
in the image. Every edge point i with the coordinates xi and yi contributes to the distance field function

d(x, y) =
N
∑

i=1

di
1

(x− xi)2 + (y − yi)2 + ǫ
(2)

in which x and y are the coordinates of the current polygon point. di is the strength of the edge point i and ǫ is
a small value added to omit the function to diverge. Its value increases if the contour polygon moves toward the
edges. To obtain an energy term the function has to be ”inverted”. The value of the resulting potential energy
term Epotential = max(d(x, y))− d(xi, yi) is minimal if the polygon point in question lies directly on the edge.

Spurious scattered edge feature points, which do not belong to the contour of the polyp, also contribute
to the external energy term. They can be regarded as noise. Under the assumption that most of the contour
polygon points lie on or will move towards edges in a couple of iterations, the influence of the scatter points to
the distance field function can be mitigated similiar to the ”wrapping snakes”12 by defining the wrapping energy
term

dwrapping(x, y) = (N ·B)d(x, y) (3)



in which N is the normal vector of the contour at the current polygon point and B is the unit vector of the
direction in which the polygon point is going to move in the next iteration.

The internal energy is defined by the shape of the polygon. A desired shape or certain form restrictions can
be enforced by penalization with energy terms. The proposed internal energy comprises five individual energy
terms, which are influenced by different aspects of the contour’s geometry. Two internal energy terms determine
the form of the contour: continuity energy term Econt and curvature energy term Ecurv. The continuity energy
term

Econt = d̄− |vi − vi+1| (4)

increases if the distance between two polygon points vi and vi+1 differs from the mean distance

d̄ =
1

n

n
∑

i=1

|vi − vi+1| (5)

of all neighbouring polygon points. This seeks to make the polygon points lie equidistantly on the contour. The
curvature energy

Ecurv = |vi−1 + 2vi − vi+1|
2 (6)

is a discrete approximation of the second derivative at point vi. Thus it increases if the curvature at polygon
point vi increases, seeking to make the polygon as flat as possible.

Using the second derivative comes with a drawback. A line results in the lowest value of the second derivative
for all polygon points except the ones at the ends of the lines. Thus the contour tries to approximate a line form
after several iterations. For humans, it is intuitive to define smoothness as the absence of sharp corners. Thus the
contour has a small or near constant curvature. This is the case e.g. for circles and spirals. Following this line of
thought the third derivative can be used to calculate the curvature energy term.13 The discrete approximation

Ecurv = βi|vi−2 − 3vi−1 + 3vi − 1vi+1|
2 (7)

of the third derivative is used for the curvature energy term for each polygon point vi.

Three additional terms are designed to penalize cases of extreme polygon configurations, which are not desir-
able such as crossings, sharp corners and concentration of polygon points around a single position. Sometimes,
the minimization of the energies would result in several polygon points moving to the same coordinate. To avoid
this behavior, the hard constraints energy term

Edistance =

{

0 dmin ≥ dlimit

∞ dmin < dlimit

(8)

is introduced, where dmin is the minimal distance between all points in the polygon. If the next move of a
polygon point reduced its minimal distance below the threshold value dlimit the energy term Edistance would
prevent this.

Furthermore, there are situations where the curvature energy term fails to accomplish a smooth polygon. To
mitigate the effect of sharp corners the corner avoidance term

Ecorners =











0 φ > φmax

φ−φmin

φmax−φmin

φmin < φ < φmax

1 φ < φmin

(9)

is introduced. The acute angle φ of the corner at the current polygon point will not be penalized if it exceeds
φmax. If its value is belowφmin, it will be penalized. To allow some flexibility for the contour to move into an
energetically favourable position, there is a linear transition for values between φmin and φmax. Another rather
peculiar situation occurs if some segments of the contour polygon cross each other. In that case the contour
does not have a regular form with a clear interior and exterior area any longer. These degenerated forms have



to be omitted. To avoid this, a crossing avoidance term is introduced. Every segment of the contour polygon is
checked if it crosses any other segment of the contour polygon. Looking at two segments between points A and
B or respectively C and D with the coordinates (XA, YA) and (XB , YB) respectively (XC , YC) and (XD, YD),
every coordinate of any point (X1, Y1) respectively (X2, Y2) on these two segments can be determined by the
equations

X1 = XA + s(XB −XA) (10)

Y1 = YA + s(YB − YA) (11)

X2 = XC + t(XD −XC) (12)

Y2 = YC + t(YD − YC) (13)

where s, t ∈ [0 . . . 1] if the points (X1, Y1) and (X2, Y2) are on the segment in question. To determine whether
there are any crossings, the equations

XA +XC + s(XB −XA) + t(XD −XC) = 0 (14)

YA + YC + s(YB − YA) + t(YD − YC) = 0 . (15)

with the variables s and t have to be solved. If both variables are between 0 and 1 a crossing has occurred. The
value of the crossing avoidance term

Ecrossing =

{

∞ s, t ∈ [0 . . . 1]

0 otherwise
(16)

becomes infinite in that case.

Another possibility to control the dynamics of the active contour is to apply weights to energy terms to
influence the final contour energy term

Econtour(s) =wcontEcont(s) + wcurvEcurv(s) + wcrossingEcrossing(s)

+ wdistanceEdistance(s) + wcornerEcorner(s)

+ wpotentialEpotential(s) .

(17)

Especially the influence of the internal energy terms Econt(s) and Ecurv(s) on the one hand and the external
energy term Epotential(s) on the other hand has to be balanced carefully. If the internal energy terms are too
strong, the contour does not move towards any object edge. If the external energy term is too strong the contour
will disregard any shape restrictions imposed by the internal energy terms and it will only move towards the
next object edge. The correct set of weighting parameters has to be determined for any new application using
active contours.

In the original approach by Kass et al.,11 polygon movements are determined by variational calculus. Williams
et al.14 report some disadvantages regarding stability and energy formulations using this method. For large
stepsizes the energy minimization does not converge. Furthermore, energy terms have to be differentiable. Thus,
energy terms with discontinuities enforcing hard constraints, which cannot be violated have to be omitted.15 To
cope with these disadvantages a greedy algorithm14 is applied to find the solution for the energy minimization
problem. For each polygon point the movement to every adjacent discrete position in the pixel grid is simulated.
The resulting energy for every new polygon point position is evaluated. Subsequently the lowest energy move is
performed. This process is repeated until no movement will yield a lower energy level or a maximum number of
iterations is reached. Greedy algorithms are very sensitive to local extrema. To mitigate these problems in our
approach, a multiscale approach is applied. Beginning with a coarse downscaled version of the polyp image the
scale increases from step to step. Thus, small noise-like structures do not affect the algorithm any longer.

Although the internal energy terms, which should help avoid certain undesirable polygon configurations, are
in place experiments have shown that the points of the contour polygon sometimes form clusters (as shown in
figure 1a). To avoid clustering even in these areas and to achieve an ”even” distribution of points on the contour



(a) Active Contours (b) Active Rays

Figure 1: Clustering problem of active contours (left) and active ray solution (right)

active rays16 limit the movements of polygon points to lines radiating from the contours center of gravity (shown
in figure 1b). After a complete iteration of point movement, the center of the rays is moved to the new center
of gravity thus gaining an adequate coverage of the contour. Colon polyps usually appear as convex objects in
images. Therefore, it is possible to limit the complexity of the active rays to one polygon point per ray. In
concave objects, one ray could intersect the object’s contour more than once thus requiring a more complex
management of the active rays movements.

It is crucial to find a proper initialization for active contours and actives rays. Polygons are attracted to the
nearest object contour in their neighborhood. A polygon completely outside the contour of the object in question
will never be able to exactly locate the object’s boundaries. It forms a rather compact cluster on one side of
the contour instead. One solution for these problems is to find a contour which is an adequate approximation of
the polyp which has to be localized. Using an ellipse fitting approach has been proven useful to obtain a good
initialization.

3. EVALUATION

An evaluation is performed to compare the quality of different localization methods. Four localization approaches
were chosen for this comparison: active contours, active rays, template matching with ellipses7 and the Gener-
alized Hough Transform (GHT)17 for ellipses. The GHT predefines targets on the image. In our case this model
is an ellipse.

Additionally, two sets of weighting parameters (cf. equation 17) have been chosen for evaluation. Thereupon,
a synthetic ellipse with an interrupted boundary is used as a model for a polyp with incomplete boundary. Active
contours were initialized with a circle completely inside the ellipse and a weighting parameter set with varying
weights for the internal energy terms and the potential energy term. The results of several contour movement
runs were compared to each other. One chosen set resulted in a contour completely inside the ellipse with a
safety margin to the ellipse’s edge. This set is imposes strong shape restrictions on the contour (cf. left column
of table 1). The second set imposes less shape restrictions (cf. left column of table 1). The risk of including
background areas is rather high, as there is no safety margin.

The evaluation was based on a test set of 184 polyp images, in which the polyp was present in the center of
the image. Centering the polyps was requested of the medical practitioners, before taking the still pictures. The
images were accompanied by a set of binary masks of the same size, in which the position of the polyp was marked
manually. These masks are regarded as ground truth data for the evaluation. All localization methods return
the assumed position of the polyps in the images as binary masks as well. The localization can be considered as
a binary classification. Thus, a pixel by pixel comparison of the ground truth masks with the resulting masks
of the localization methods yields the localization quality. The localization method has to decide for each pixel



strong shape restrictions weak shape restrictions

wcont 0.10 0.02
wcurv 0.10 0.02
wcrossing 1.00 1.00
wdistance 1.00 1.00
wcorner 1.00 1.00
wpotential 1.00 1.00

Table 1: Parameter sets for the evaluation

(a) localization highlighted (b) comparison with ground truth data

Figure 2: localization result of active contours with strong shape restrictions

whether it belongs to the polyp or to the background. With respect to the ground truth data, this yields four
possible result classes: true positive (TP), true negative (TN), false positive (FP) or a false negative (FN). In
this case ”positive” stands for a polyp pixel while ”negative” denotes a background pixel. Summing up the pixels
of these four classes, three characteristic values can be computed:18

specificity =
TN

TN + FP
, sensitivity =

TP

TP + FN
and accuracy =

TP + TN

TP + TN + FP + FN
.

The specificity is the number of correctly detected background pixels divided by all background pixels. A
high value indicates a low number of pixels incorrectly regarded as polyp pixels. The sensitivity is the ratio of
correctly detected polyp pixels to all polyp pixels. High values indicate a high number of pixels available for
classification of the polyp. The accuracy is the fraction of all pixels which were classified correctly.

Example localization results for a sample polyp using the investigated localization algorithms are shown in
figures 2, 3, 4, 5, 6 and 7. The image on the left side in these figures shows the localization highlighted in red
in the polyp image. The right image in these figures depicts the comparison between the localization result and
the groundtruth data. True positive areas are colored green, true negative areas black, false negative areas blue
and false positive areas red.

The results of the evaluation are shown in table 2 and as scatter plot in figure 8. The localization method
with the highest specificity is active contours with a conservative parameter set, while the highest sensitivity
can be achieved with the active rays approach. The Template Matching approach offers a compromise between
specificity and sensitivity thus having the highest accuracy results.

4. CONCLUSION

We have investigated active contours respectively active rays as an additional method for the localization of polyps
on colonoscopic NBI-images. The segmentation results are comparable to the template matching approach.



(a) localization highlighted (b) comparison with ground truth data

Figure 3: localization result of active contours with weak shape restrictions

(a) localization highlighted (b) comparison with ground truth data

Figure 4: localization result of active rays with strong shape restrictions

(a) localization highlighted (b) comparison with ground truth data

Figure 5: localization result of active rays with weak shape restrictionss



(a) localization highlighted (b) comparison with ground truth data

Figure 6: localization result of the Generalized Hough Transform

(a) localization highlighted (b) comparison with ground truth data

Figure 7: localization result of the Template Matching approach

Method Specificity Sensitivity Accuracy Execution time
∅ σ ∅ σ ∅ σ ∅ σ

Active Contours 0.9989 0.0050 0.0331 0.0258 0.4537 0.2311 133.2892 90.3584
conservative parameters

Active Contours 0.9952 0.0177 0.1186 0.2165 0.4922 0.2534 393.1306 309.8658
progressive parameters

Active Rays 0.9680 0.0623 0.3151 0.2441 0.5769 0.2285 147.6668 144.1871
convervative parameters

Active Rays 0.9773 0.0517 0.2745 0.2399 0.5621 0.2358 155.0272 145.9395
progressive parameters

Template Matching 0.9809 0.0448 0.3043 0.2550 0.5872 0.2326 219.9558 146.791

Hough Transform 0.9931 0.0225 0.0930 0.1145 0.4765 0.2341 240.1487 104.3920

Table 2: Quality and execution time of the localization methods summed up for all polyp images.
∅ stands for the mean value and σ for the standard deviation.
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Figure 8: Scatter plot of the results for specificity and sensitivity of the investigated algorithms

Active contours have a small advantage regarding the specificity of the localization but suffer from a loss of
sensitivity. Template matching appears to be a compromise between specificity and sensitivity. The sensitivity
results for all localization methods may appear low in comparison to specificity results. For diagnostic purposes
a background pixel mistakenly taken as polyp pixel is worse than vice versa since the background pixels normally
belong to healthy tissue. Thus, this would weaken the accuracy of the diagnosis and therefore, a high specificity
is a prerogative.
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