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ABSTRACT
In this paper, we propose a new computer aided detection (CAD) technique to utilize both global and local shape
information of the colon wall for detection of colonic polyps. Firstly, the whole colon wall is extracted by our
mixture-based image segmentation method. This method uses partial volume percentages to represent the
distribution of different materials in each voxel, so it provides the most accurate information on the colon wall,
especially the mucosa layer. Local geometrical measure of the colon mucosa layer is defined by the curvature and
gradient information extracted from the segmented colon-wall mixture data. Global shape information is provided
by applying an improved linear integral convolution operation to the mixture data. The CAD technique was tested
on twenty patient datasets. The local geometrical measure extracted from the mixture segmentation represents more
accurately the polyp variation than that extracted from conventional label classification, leading to improved
detection. The added global shape information further improves the polyp detection.
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1. Introduction
Conlon cancer is the second leading cause of the cancer death in United States. Early detection and removal of the
colonic polyps will dramatically reduce the risk of the colon cancer, since the development of colon cancer from the
polyps takes several years. Virtual colonoscopy (VC) has shown the potential to be a mass screening modality for
detection of the colonic polyps using non-invasive means of medical imaging technologies, such as computer
tomography (CT) [4,5], where the polyps are detected from a virtual colon model which is constructed from the
patient abdominal CT images. Although it has several advantages as a minimal or non-invasive screening modality,
VC consumes a great time for physician to navigate through the entire colon lumen, looking for the polyps. With a
well-polished VC navigation system (Viatronix, Inc., Stony Brook, NY) [8], it takes a trained radiologist more than 15
minutes to mimic a forward and a backward navigations of the conventional optical colonoscopy (OC). The time can
be longer if some suspected locations need more attention. Computer aided detection (CAD) has been a research
topic since the early time of computer applications in medicine and shall be a choice to reduce the time for VC
procedures.
Apply CAD concept for detection of the colonic polyps is a very challenging task because the polyps can have various
sizes and shapes. Furthermore, there are numerous colon folds which can mimic the polyps. Any residual stool left
on the colon wall can also mimic the polyps. Up to now, there have been several CAD methods reported in the
literature with variable success for the polyp detection. Summers, et al. [12, 13] employed some features, such as the
mean of the curvature, the maximum curvature, the minimum curvature and etc from a conventional label
segmentation of the colon surface, to find the candidates of the polyps. Yoshida, et al. [14, 15] further characterized
several shape indices and curvedness from a conventional label segmentation of the colon wall shell to distinguish the
polyps from the normal colon tissues. Gorturk, et al. [3] proposed a pattern recognition method for the detection of
the polyps, which uses the orthogonal triple planes to extract some feature vectors from the polyp candidates and then
applies 3D pattern recognition on the features to make the final decision. Paik, et al. [11] presented another solution
for the detection, where they utilize the normal information as the reference to find some geometrical features of the
colonic polyps.
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In this paper, we propose a new CAD method. Different from most of the above CAD methods, our method uses
both global and local information of the whole colon wall to detect the polyps. Based on a mixture-based
segmentation of the colon wall data, where each voxel contains the partial volume percentages of different materials
[6,7], we can extract more accurate, rich information on the colon wall than that from a conventional label
segmentation, where each voxel is labeled as a single material [14, 15]. By applying a partial derivative Gaussian
filter on the segmented mixture data, we obtain the principal curvature and shape index information to measure the
current local geometry. Our global shape information is provided by applying a modified linear integral convolution
(LIC) on the mixture data. Both the global and local shape information are utilized to achieve an expected improved
detection of the polyps.
The technical contents of this paper are organized as follows. In section 2.1, we present the mixture-based
segmentation method. In section 2.2, the feature (principal curvature) extraction method is described, where the
measure of both the local and the global shape information is quantitatively computed. In section 2.3, the use of the
local and the global shape information for polyp detection is presented. Test on patient datasets is shown in section
3.

2. Methods
2.1.

Mixture-based image segmentation

Given the acquired images, conventional segmentation algorithms label each voxel as a single class or tissue type.
These kinds of image classifications limit accuracy on the contents inside each voxel, especially at the spatial location
of tissue boundaries. Instead, we utilized a mixture-based electronic colon-cleansing technology [7], in which a
Markov random filed (MRF) Gibbs model is employed to integrate the local spatial information into the Expectation
Maximization (EM) model-fitting algorithm. The algorithm is based on the maximum a posterior (MAP)
framework, including a priori information on the neighborhood membership specified by the MRF theory. It
iteratively estimates the model parameters through the EM algorithm and segments the voxels by MAP in an
interleaved manner, converging to a solution where the model parameters and voxel labels are stabilized within a
specified criterion. Each voxel is then labeled as a mixture voxel or mixel with different tissue percentages inside,
indicating the probabilities of each tissue type belonging to that voxel.
From the mixture segmentation, we extracted the colon mucosa layer, which gives us the geometric features of tissues
around colon wall. This approach minimizes theoretically the partial volume effects on the tissue boundaries and
provides tissue growth tendency in addition to the anatomical structure of the tissues. Following that, our CAD
system utilizes the neighboring mixels to analyze the features and tendency of mucosa layer for polyp detection.
Compared to conventional label segmentation methods as used in the previous CAD methods, our mixture-based
segmentation can remain more details from the original data sets. At the same time, it also eliminates some useless
or false information from the original images. Since the mixture-based segmentation provides more accurate
information for the local geometry than the conventional label segmentation does, improved detection is expected, as
demonstrated below. Further improvement can be obtained when the global information is considered, as described
later.
Figure 1 compares the results of our CAD polyp program for both mixture-based and label-based segmentations. A
small polyp is nearly visible from both the original image and the three-dimensional (3D) virtual endoscopic view (of
Viatronix system). The CAD program found the small polyp from our mixture segmentation, while it failed to detect
the polyp from the conventional label segmentation.
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Figure 1. Comparison of CAD results of our mixture-based with the conventional label-based segmentation methods.
(a) A slice of the original CT image of the colon – a small polyp is indicated by the red arrow. (b) Another view of the
small polyp on the original image. (c) A 3D virtual endoscopy view on the small polyp (by the Viatronix software).
(d) Our mixture-based CAD found the small polyp successfully, because its local geometry is preserved in the segmented
data. (e) The small polyp was missed, because the conventional label-based segmentation does not preserve the
information.

2.2.

Extracting 3D geometrical feature

2.2.1. Principal Direction and Curvature
By the mixture-based segmentation, each voxel is represented as a mixture of several tissues or materials.
Thereafter, we define this type of voxel as “mixel”, which means “mixture voxel”. Each mixel Mi,j,k is represented
by a set of percentage values as showed below :


M i , j ,k =  Pi1, j ,k , Pi ,2j ,k ,  , Pi ,mj ,k

where m is the maximum number of the tissue types.

m

∑P
t =1
t

t
i , j ,k


≤ 1.0


(1)

Notation P means the percentage of tissue t in the mixel.
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Given a mixel Mi,j,k , there are several tissues in that mixel. Thus for each tissue type, we can construct a 3D
percentage or vector volume. Principal direction and curvature are two important geometrical attributes of the 3D
surface. In 1992, Olivier Monga [9, 10] introduced a Gaussian principal direction and curvature extraction method
which can obtain the iso-intensity principal direction and curvature from 3D grayscale volume data directly. The detail
of this method is shown in following:
Suppose I(x,y,z) is a 3D volume data, the first partial derivative Ix(x,y,z), Iy(x,y,z), Iz(x,y,z) can be obtained by the
Deriche Gaussian filter [9] for each voxel. The vector (Ix, Iy, Iz) is defined as the normal direction of the iso-intensity
surface at this voxel.
For each point with valid normal direction, there exists a tangent plane across this point which is perpendicular to the
normal direction. The principal direction is defined as a direction on the plane along which the curvature is
maximum. Suppose f and h are two arbitrary orthogonal directions on this tangent plane, the principal curvature is
calculated by:

Ki =

hT Hh + f T Hf ± ( hT Hh − f T hf ) 2 + 4( hT Hf ) 2
2g

(2)

The corresponding principal direction is:


g K i − hT Hh 

 h1 + f1
f T Hh



g K i − hT Hh 

Di =  h2 + f 2
f T Hh



g K i − hT Hh 

 h13 + f 3
f T Hh


where g is the normal vector (Ix, Iy, Iz),

(3)

i = 1,2

H is the 3*3 Hessian matrix

 I xx

H =  I yx
 I zx


I xy
I yy
I zy

I xz 

I yz 
I zz 

Foe some point, the denomination f T Hh in equation 3 is zero. Under this circumstance, the curvatures are equal
along any direction, there is no definite principal direction at this point. This kind of points are called as umbilic point.

2.2.2. Shape Index and Curvedness
Dorai [2] give two quantitative measures to describe the local shape of the surface: Shape Index SI and Curvedness R.
At a given point p in the 3D volume, the SI(p) and R(p) are defined as:

SI ( p ) =

k ( p) + k 2 ( p)
1
− arctan 1
2
k1 ( p) − k 2 ( p)

(4)

k1 ( p ) 2 + k 2 ( p ) 2
2

(5)

R( p) =

846

Proc. of SPIE Vol. 5032

where k1(p) and k2(p) are the principal curvatures, and k1(p)

k2(p).

The (SI, R) can be viewed as the polar coordinates in the plane constructed by the (k1 , k2). The SI represents what
kind of the type the surface is, and the R represents what “curve” this surface is. All shapes are mapped to unique
value between 0.0 and 1.0 [2]. In Figure 2, eight representative shapes and corresponding shape index values are
given.

Figure 2. Eight
representative
shapes on the
shape index
scale.
Spherical Cap (1.0)

Dome (0.875)

Spherical Cup (0.0)

Ridge (0.75)

Trough (0.125)

Saddle Ridge (0.625)

Rut (0.25)

Saddle Rut (0.375)

2.2.3. Local and Global Shape Information
Given a 3D voxel, we can get its principal curvature, shape index and curvedness. Using these information, we can
describe the shape information of this voxel exactly. Since this shape information only reflects the relative relation
between this voxel with its neighborhood in a local region, it is called as “local shape information”. Besides the local
shape information, the “global shape information” in needed to understand the whole shape field. The global
information gives an approximate shape description of the larger neighbor region. Only after getting these two kinds
of shape information, we can have a clear understanding of the whole colon shapes. In this paper, we propose an
improved LIC (line integral convolution) method to compute the global shape index at each voxel.
The LIC algorithm [1] is one of the most popular algorithms to render the vector volume. By convoluting the input
texture image along a path defined by the vector, the LIC generates a synthesized texture whose pattern can reflect the
whole distribution and current of the vector field. The core equation of this technique is

I ( x0 ) =

x0 + L

∫ T (t )k (t − x0 )dt

t = x0 − L

or

L

−L

t =0

t =0

I ( x0 ) = ∑ T ( p i )k (t )hi + ∑ T ( pi )k (t )hi

(6)

By the idea of the traditional LIC algorithm, we use two principal directions to construct the dual vector volume.
Correspondingly, the input texture volume is generated with the principal curvature for each voxel. Thus for each
voxel, two convoluted curvatures are obtained after the LIC. We call them c1g ( p) and c2g ( p) , respectively.
These two curvatures reflect the relative general shape of the neighbor region. Using functions (4) and (5), we can
compute the SI g ( p ) and R g ( p) which are called as “global shape index” and “global curvedness”, respectively.
Similar to the local shape index and curvedness, global shape information also can give a quantitative measure of the
shape. This measure does not reflect the exact shape at a given position, but it reflects the general shape description
of the neighbor region.
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As described in section 2.2.1, at some point there is no principal direction. Thus when vector-driven line arrives at
this point, there is no a definite direction to move on. Therefore, we modified the LIC algorithm when the stroke
meets such point. Suppose Vinput is the direction of the stroke when it meets the umbilic point. Because this point is
marked, we can get the normal direction N. So we can calculate the temporary principal direction at this point Voutput

Voutput = (1 − t ) ⋅ N + t * Vinput
The Voutput calculated from equation 7

2.3.

t = ( N • Vinput )

(7)

lies on the tangent plane, and the angle between it and Vinput is the minimum.

Detection of the Colon Polyps

Usually the colonic polyps have the regular shapes which are described as “elliptic curvature of the peak subtype” [1].
In the real patient cases, the shape of the polyps can not always be regular (Figure 3). Some colonic polyps have nonspherical or irregular shapes. Even some colonic polyps have the semi-spherical shapes, the scan resolution and
some residuals of the colon will make the surface of the colonic polyps uneven.

(a)

(b)

(c)

(d)

Figure 3. The colonic polyps with different shapes. The colonic polyp in (a) has a smooth spherical shape; The
polyps in (b) and (c) have some irregular shape; The surface of the polyp in image (d) is not smooth.

2.3.1. Finding Initial Colonic Polyp Candidates
As described before, the colonic polyp usually has an “elliptic curvature of the peak subtype”. That means, the shape
at the top section of the regular polyp(in air region) should be “spherical cup” or “trough” (Figure 2), the shape at the
bottom section of the polyps should be some kind of “saddle”. Correspondingly, the local shape index value
increases from the top section to the bottom section of the polyps.
For the irregular colonic polyps without smooth surface, the variance the local shape index value from top to bottom
section are not as smooth as that of the regular polyps. It is difficulty to pick the whole protuberance section out of the
colon wall only using local geometrical shape information. Fortunately, for most of the irregular colonic polyps the
variance of global shape index still can retain smooth as that of the regular polyps (Figure 4). Based on this feature
of the global shape information, a new cluster method is utilized to construct the initial colonic polyp candidates.
Firstly all voxels in the 3D colon volume data are classified into nine basic classes regarding their global shape index
value. If one voxel is classified to class i (i ∈ [1,9]), i is called as the class number of this voxel, correspondingly
this voxel is called as i-class voxel. The whole growing and clustering algorithm obey three rules:
Rule 1: If one candidate starts growing at an i-class voxel, i is the smallest class number among all voxels in this
candidate.
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Rule 2: If one i-class voxel is clustered into the candidates group, only its non-clustered adjacent voxels whose class
number is equal or more than i but less than max_class can be clustered into this group in next cluster step.
Rule 3: If two candidate groups meets each other, they can merge into one bigger candidate if they meet the following
two criteria:
1) The number of the border voxel between two groups is not too small.
2) The maximum class number of the border voxel is close to the class number of one group’s start-growing
voxel.
The Rule 1 ensure each colonic polyp candidate has a spherical top section; The Rule 2 make each candidate
contains the available voxels as many as possible. The variable max_class decides which class number is the
maximum number for the voxels in the candidates. Using Rule 3, each final candidate can contain the protuberance
section as completely as possible. The candidates which is generated with these three cluster rules is good enough
for the detection.
Figure 4. Comparison images
of the local and global shape
index between smooth and
non-smooth polyps.

(a1)

(b1)

(a2)

(b2)

(a3)

(b3)

(a1) is a colon phantom slice;
(a2) and (a3) are local shape
index and global shape index
image of (a1). For the smooth
surface, the local and global
shape index value only have
little difference.
(b1) is one colon slice from
patient’s data, there is a big
colon polyp in this image, the
edge of the polyps is not
smooth; (b2) show the local
shape index value image, we
can see variance the shape
index on the polyps is
random; (b3) is the global
shape index image. the
variance of global shape
index on the polyp remains
smooth.

Although the global geometrical information in the cluster method can avoid some kinds of false candidates, the total
number of the initial candidates is still too big (usually more than 100). There are many false-positive candidates.

2.3.2. Erasing False Colonic Polyp Candidates
All the initial colonic polyp candidates can be divided into three kinds: 1) the real colonic polyps; 2) the noise
candidates. This kind of candidates are generated because of the scan and segmentation error or the little protuberance
region of the colon wall. Usually they are very small, and have a very small spherical top section; 3) the mimic
candidates. This kind of the candidates are generated by the fold, liquid or some residuals in the colon. Both the
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noise candidates and the mimic candidates are called as false colonic polyps candidates. To distinguish them from real
colonic polyps, two filters are utilized in our method.
Comparing to the normal colonic polyp, the noise candidates have a small size or a small spherical top section. This
geometrical feature can distinguish most of the noise candidates from the real polyps. The filter1 utilizes the
quantitative measure of these geometrical features to make decision:
Filter 1: If the total voxel number of the candidate is small, this candidate should be a false-positive candidate; If
the size of the continuous spherical top in either local or global geometrical measure is small, this candidates should
be a false-positive candidate.
For the mimic candidates, their size and the spherical top section are similar to those of the real polyps. But from the
overall view, their shapes are not the elliptical. In our methods, we introduce a new quantitative measure General
Shape (GS) to provide the quantitative measure of the overall shape.
Given a colonic polyp candidate C, its GS is defined as :

GS =

1 1
K mean
− arctan differ
2 π
K
C

K mean = ∑ ( K i1 + K i2 ) ⋅ g i ⋅ GN
i =1
C

K differ = ∑ ( K i1 − K i2 ) ⋅ g i ⋅ GN

(8)

i =1

C

GN =

∑g
i =1

i

⋅ K i1 + K i2

C

∑K
i =1

1
i

+ K i2

where gi is the gradient at voxel i, K i1 and K i1 are the principal curvatures and K i1 ≥ K i2
Similar to the definition of the shape index in equation 4, the GS provide the quantitative measure for the overall
shape description. If the local curvature in used equation 8, the local GS is generated which provide the information
of what this candidate “looks like”; Correspondingly the global GS obtained using global curvature gives the overall
shape description of the whole candidate against its surrounding. For the real colonic polyps, both local and global
GS are similar to the spherical or through shape. For the fold, the local GS does not show the spherical or through
shape. Even some fold or residual look similar to real colonic polyps, their global GS can be different to their local
GS. The second filter is defined:
Filter 2: The colonic polyp candidate whose local and global GS do not lies in the spherical shape domain are the
false-positive candidates.
Both Filter 1 and Filter 2 use local and global shape information in them. The local and global shape information
provide detailed and overall geometrical information to find most of the false-positive candidates. But these two filters
may not find all false-positive candidates. For some false candidates, their shape and size are similar to those of the
real polyps. It is hard to distinguish those candidates from the real colonic polyps. They can be found using the
experience and knowledge of the physicians.
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(a)

(b)

(c)

(d)

Figure 5. The illustration of the whole CAD procedure. (a) the rendering image of the inner colon phantom; (b) shows
the initial candidates(marked with blue), there are two noise candidates and two mimic candidates with three real polyps.
(c) shows the remaining candidates after filter 1, the noise candidates and some mimic candidates were erased; In (d),
there are the final remaining candidates after filter 2. In the image, the mimic candidates caused by the fold is removed,
only the real colonic polyps remain.

3. Experiments and Results
We selected twelve patient’s CT datasets to perform the experiment. Prior to obtaining CT images, the patient
undergoes a one-day bowel preparation of mild laxatives and a low residue diet. In order to enhance residual colonic
materials, the patient also ingests four 250 cc doses of 2.1% w/v barium sulfate suspension with meals the day before
the procedure, as well as two doses of 60 cc of gastroview (diatrizoate meglumine and diatrizoate sodium solution)
given during the night before and the morning of the procedure. After the patient’s colon is inflated with CO2 (2-3
L) given through a small bore rectal tube, CT images are obtained using standard virtual colonoscopy parameters, see
below.
A high-speed helical CT scanner (HiSpeed CT/i, GE Medical Systems, Milwaukee, WI) was used to acquire the
abdominal images. The imaging protocol parameters are: 120 kVp, 60-120 mA (depending on body size), 512x512
array field-of-view (FOV) (completely covering the body), 1.5-2.0:1 pitch and 3-5 mm collimation (completely
covering the entire colon). The scanning time ranges from 30 to 40 seconds, depending upon colon size and
acquisition protocol, but obtained within a single breath-hold. Raw (projection) data were reconstructed at 1 mm
intervals with a 512x512 array size resulting in 300-450 images depending on the height of each patient. Each image
element or voxel contains a two-byte integer, reflecting the image density. Each volume image dataset has a typical
size of approximately 210 MB. The image data were transferred via Ethernet in DICOM format from the CT
scanner to a nearby computer workstation for image processing.
Among all 12 patient’s scan data, 11 data have positive colonic polyps(distinguished by the physician), and 1 patient
do not have any positive polyp. For each patient’s data which has positive colonic polyps, there only one positive
colonic polyp with the diameter more than 3mm. Among all the positive colonic polyps, 6 colonic polyps have regular
spherical shape, 5 colonic polyps do not have regular spherical shape. The size of the polyps is different too. 6 polyps
have the size between 5mm to 20 mm(in diameter), 5 polyps have the size bigger than 20mm. The biggest one is
36mm. Among all 12 dataset, there are 4 special dataset. The patient moved when the CT scanner was scanning their
body. The movement of the body make several CT scan slices little interlaced, it will bring more difficulty to detect
the colonic polyp. In the colon phantom data, there totally have 18 simulated polyps and 11 simulated folds. All
simulated polyps are regular polyps with medium size.
For the phantom data, all 18 simulated polyps were found correctly, and there is no any false-positive candidate.. For
the real patient data, all 11 positive colonic polyps were detected correctly. At same time, there are totally 25 false
candidates found by our method, the average number of false-positive polyp per dataset is nearly 2.3.
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For the 7 patient dataset without movement, the average number of false-positive polyp per patient is very small. At
same time all positive colon polyps are found out by our method, the sensitivity should be 100%. That means, our
work works very well for the real patient’s data. For the patient data with movement, our work still can detect all
positive colonic polyps. But the number of the false candidates increased. The average false-positive polyps number
per dataset is about 5.0. This result is still acceptable for the physician.
For the patient with no positive polyp, our method did not find any false candidate. That means our method have a
potential to detect most kinds of colonic polyps, no mater it is a regular or irregular polyps with low false positive
rate.

4. Conclusion
In this paper, we proposed a new technique to use both the global and local shape information of the colon for the
detection of the colonic polyps. First the whole colon wall was segmented and extracted by our mixture based
segmentation method. This method uses the partial volume percentages to represent exactly the distribution of the
different materials, so it can provide the most accurate information of the colon wall from the original scanned data.
Our method extracts some local and global geometrical features to find the initial colon polyp candidates from the
colon wall. The two local geometrical features used in this paper are shape index and curvedness. For each
candidate we compute the global shape information. The global information we use in our papers includes global
curvature and global shape index. By analyzing both the local and global features of these candidates, a significant
false candidates, caused by fold and other effects, are discarded.
We have applied this method to both phantom and patients’ colon data. Great improvement in detection of polyps
was observed. The combination of the local and global shape information can give us an overall quantitative
understanding of the whole colon. With such rich information, significant improvement in CAD performance is
expected.
This method is more suitable for a smoothly variance field. When the variance of the tissue percentages is large, the
result may be compromised. This is the future work of our research on this topic.
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