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ABSTRACT
Colorectal cancer continues to be one of the leading cadsesntality worldwide. Scanning using colorectal endoscap
a useful and common method in clinical examinations. Howetie scanning and polyps detections are performed by physi
cians. Failures to detect polyps might be caused due to feekperience or knowledge. The purpose of this paper is touer
a scheme able to distinguish polyps from normal tissue iicstaages off-line.

Texture features are studied for the discrimination betwssyps and normal tissue. Two useful and simple featurepiar-
posed. The student’s t-test is applied in selecting usehailfes to reduce the computation time. The support vecohime is
used as a classifier to identify the position of polyps. A gtad the numbers in the training patterns is done in orderlecse
an optimal ratio between the polyps and non-polyps sub-@sag

Seventy-four colonoscopic images are collected to testylgem. Half are used as training images and half for tesiihg
experimental result shows the system can identify all polf/the colonoscopic images contain a single polyp. Theitenhs
is 86.2% and the false-positive rate is 1.26 marks per image.

Keywords colorectal polyps detection; textural features; suppector machine.

1. INTRODUCTION (1) once some polyps are detected, the patient has to be re-

: . examined via colonoscopy to remove the polyps.
Colorectal cancer was the third leading cause of cancer . . .

. . . . (2) some small and tiny polyps are difficult to be seen in
related deaths in the United States in 2008 this report, CT. If such polyps remain in the colon, they can possi-
an estimated 105,500 colon and 42,000 rectal cancer cases ny.grow into malignant lesions '
were expected to occur and about 57,100 deaths are expected '
to occur in 2003. The death due to colon cancer can be preSolonoscopy is an accurate screening technique for detect-
vented and cured through early detection. Therefore, earling polyps of all size, which also allows for biopsy of lesson
diagnosis is critically important for the patient’s surafiv and removal of most polyps

Nowadays, two kinds of screening are common for The eventual goal of our study is to develop an automatic
early polyps detection: computerized tomograp@yYand  system which is able to detect the colonic polyps on colono-
colonoscopy. The examination using CT has certain advarscopic images in real time. This system would be available
tages. However, the disadvantages are: to help physicians to notice some polyps which are small

or tiny. Normally, large or medium-size polyps can be eas-
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ily found by physicians. However, during surgery the physi-propagation RPROP), scaled conjugate gradien8CG),
cians have less time to notice small or tiny polyps. There-and Marquardt algorithms. They combine@A (principal
fore, a CAD (Computer-Aided Detection) system would component analysis) and BPNN together as a classification
be helpful in polyps detection. To achieve this goal, a fastool for discriminating normal and abnormal colon status.
polyps detection algorithm should be developed and con- Another study is similar to colorectal polyps analysis but
nected to the video-capture system. on gastric polyps in endoscopic vidéh In this study, they

The goal of this paper is to explore a method which is ablecompared four texture features to find their performance
to detect polyps in static images. At this stage, the speed ah gastric polyps detection. The features they have com-
polyp detection is not the key point. Instead, the accurécy opared are texture spectrum histogram, texture spectrum and
detecting polyps is our intended achievement. Moreover, weolor histogram statistics, local binary pattern histogra
found that the ratio of the two training pattern numbers is aand color wavelet covarianc&€(VC). Their finding was
critical factor when usinggVM (Support Vector Machine) that the CWC feature is the best feature among all, reach-
as a classifier. ing 88.6:2.3%.

There are not too many related studies, however, they The proposed detection scheme involves a) a novel fea-
can be categorized into two kinds: 1) CT-based and 2}ure extraction technique based on co-occurrence matrices
colonoscopy-based methods. Most of the CT-based methodlith a simple difference of texture features of differenioco
34 uses morphology such as the curvature (2D or 3D) aghannels. b) the support vector machine is applied as a clas-
the feature to recognize polyps. This is because in CT imsification tool in our polyps detection scheme. This paper is
ages there is no texture information. The colonoscopy+basea revised version of our previous work ity
method is able to use two kinds of features: 1) shape (or mor- The rest of the paper is organized as follows. In Section
phology) and 2) texture information of polyps. Using textur 2 we describe the method and equipment used to acquire
as a feature is an unique advantage comparing to the analthe colorectal images. The texture features are proposed in
sis in CT images. The reason’isThe colonic mucosal sur- Section 2.3. The experimental results are shown in Section
face is granular and demarcated into small areas. Changes3followed by the discussion and conclusion.
the cellular pattern (pit pattern) of the colon lining midge
the earliest sign of polypgs These texture alterations of the 2. MATERIALS and METHODS

colonic mucosa surface can also be used for the automatic _
detection of colorectal lesions. 2.1. Materials: Raw data

It is a long history using texture features in image pro-tpe endoscopic video system (Fujinon EPX-402 & EC-410)
cessing and pattern recognition. Haralitkand Coher® a5 ysed for whole colon examination. Before examina-
have proposed many popular texture features for the relatquonsy patients were asked to undertake colon preparation
application areas. In which, the gray level co-occurrencey, 2 gays with a laxative in order to clean the residua. The
matrices approach is very common and useful in texturgqionoscopy was intruded into the cecum via the anus and
feature extraction, texture analysis, and classificafidie  jr was inflated inside via a colonoscope tube into the colon
study related most to ours uses color wavelet features if;men to achieve a full view of the colon mucosa. During
detecting colorectal polyps They used wavelet transform  examination, videos were shown on the monitor and were
because of its advantage in multi-resolution analysiss Thiecorded. The polyp images were digitally captured onto a

multi-resolution analysis is in the spatial as well as thee fr computerized reporting system and were saved in BMP or
quency domain. Two filters were used to extract the infor-jpg format by demand.

mation: low-pass and band-pass filters. Both filters were ap- Tphe image’s spatial resolution &78 x 254 pixels in

plied to all levels of different resolutions. Afterward8et  yree colors (R, G, and B). We collected 113 images. Among
co-occurrence matrices approach was used to extractéextufhem, a total of seventy-four colonoscopic images were used
features. Four features were derived from the co-occuerenGy test our system. Thirty-seven images were used as train-
matrices: angular second moment, correlation, inverse difing images and thirty-seven images were used for testing.

ference moment, entropy, contrdstand dissimilarity”.  Thirty-nine images were not used due to inconsistency in
The classification is performed via linear discriminantlana \,anual ground truthing, see below.

ysis (LDA). They claimed that using a more complex clas-
sifier would increase the number of parameters associated
with the evaluation of the proposed feature set. 2.2. Ground Truth

Another similar work!! used texture features as well and We have developed a GUI (Graphic User Interface) system
compared many tools of analyzing features. These tools into help us in selecting the polyps’ boundaries. Two students
cluded Backpropagation Neural NetwoBHNN), resilient  were trained to select polyps. Polygons are used to describe
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the polyps’ boundaries. The manual polyps selection wa@ Table 2.4. In this table, onl§° is shown. The results of
performedin all (113) collected colonoscopicimages. Afte the other three directions are similar. From this table, we
wards, two professional physicians examined the selectiononclude that the blue and green channels are more discrim-
results and gave their judgment independently. Thirtyenin inable in the three color channels.

images were not selected for testing purposes because their Let I denote a colonoscopic image and Ietdenote an
judgments were not consistent. The remaining seventy-fouarbitrary sub-image sampled from All features } - F3)
images formed our database, in which all images have maras follows are calculated based on the sub-imiag€he first

ual polyps boundary selections as our ground truth. texture feature is:
1
2.3. Methods: Cooccurrence matrix Fi=1- 1+o,
The gray level co-occurrence matriGkCM ) is a well- — \yheres, denotes the standard deviation of the green chan-
known and popular technique for extracting texture infor- o image.
mation from images. Conner and Harlow have shown It is found that the colonoscopic images have different

that GLCM is a more powerful technique than gray level ;o015 The average intensity is then a useful feature. The
difference matrix GLDM), gray level run length method  gocong texture feature is simply a combination of the aver-

(GLRLM ), and the power spectral methd@gM). Ohanian age intensity of all three channel images:

and Dubes® showed results that GLCM features perform

better than fractal, Markov Random Field, and Gabor filter £y — 7;

features for classification of texture. gb
Over twenty features appear in the literature which can

. . .Wheref, g andb are the mean intensity of the red, green,
be used to extract information from co-occurrence matri- "9 y g

16 ) . . and blue channel images, respectively. However, the rétio o
ces'®. Most of them work on gray level image in analyzing . . .
) .~ the mean intensity cannot represent the difference verly wel
co-occurrence matrix@M). The color co-occurrence matrix

. ) . . . Two measurements are added as features:
(CCM) is seldom applied because of its lower efficiency in B
computation time. However, colonoscopic images are color Fo— r—g and i — r—>b
images where color is a very important feature in polyps s 256 4 256

detection tasks. Omitting the color information will cause  Based on the sub-images selected before, we further ex-
difficulties in discriminating colonic polyps and norma-ti  gmine the p-values of featui® — Fy. Their p-values are
sues. Another successful technique for texture descnitio o 1801, 0.0345, and 0.0246, respectively. Notably, these

medilc;al images is the texture description based on Randofjree features can be calculated faster than the features ex
Sets'*. This method offers over 170 features for texture de+racted from the co-occurrence matrices as listed in Table

scription. The selection of the right features is done by-dec 5 4
sion tree induction in this work. In this paper, we propose & | et the co-occurrence matrix (CM) of a certain sub-

2

method which can apply color texture information. imagel, with an offset(0, 1) be denoted as(i, j). The CM
made from green and red channel images are represented as
2.4. Color Texture Feature py(i, j) andp,(i, j), respectively. The contrast and energy

Our colonoscopic images have three color channels: R, d?atures are utilized. However, a small modification is pro-
and B. Based on some experiments, it was found that thB0Sed as follows:

green and blue channel images are good in discriminat- . N A .2

ing normal and abnormal mucosal surface. The experiments B = ; i =Py i) = ; [i=3Fpr(i. )

were conducted on a total of thirty-four colorectal images, 7 o o

in which 120 sub-images (20 normal and 100 abnormal tis- 16 = Zpg(”]) - Zp”(”J)

sues) of sizes4 x 64 are randomly selected. (The reason 7 7

that only 34 images are selected for training is that therotheThe difference of contrast is used as a feature instead of the
images have smaller polyps which cannot offer sub-imagesriginal one.

of the size64 x 64.) The size of co-occurrence matrices is  Another co-occurrence matrix with different offset
256 x 256. Four directions @, 45°,90°,135°) are consid-  (—2,0) is utilized and denoted ag(i, j). The reason for
ered when the co-occurrence matrices are calculated. Sevehoosing -2 instead of -1 is that we found the difference be-
texture features are calculated from the co-occurrence-mat tween different angles to be very limited. The co-occureenc
ces and their corresponding p-values for each image are cahatrix is controlled by two parameters: angle and step
culated. The averaged p-values of total 34 images are showangth. We therefore changed another parameter from 1 to
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2 simultaneously. This matrix is made frafnas well. Sim-

ilar features are defined: study, they selected the abnormal tissues with exclusion of
o o o o the region with strong light reflections. Based on this cri-
by = Z i = 37440, 5) - Z [i = jIar(i 5) terion, the window size cannot be too large. In our images,
! ! we have also strong light reflections on polyps. Although we
Fs=> q(i,5)° =Y ar(i, )’ have no such criterion, it is not good to include a large area
i bJ of strong light reflections. Under this consideration, the-w
AllfeaturesFy, Iy, - - -, Fg form a feature vector to describe dow size cannot be too large. 3) Partial inclusion of strong
a certain sub-imagg,. light reflections in the sub-image is allowed in our scheme
because the reflection is also a good feature in representing
2.5. Feature Normalization a polyp. It is found that most polyps contain more or fewer

. strong light reflections.
Let Ny and N, denote the number of sub-images . . . .
. : Our database contains sub-images with normal tissues
of normal and abnormal tissues in the database for

. . and abnormal tissues (polyps). The pattern number of nor-
training. Each sub-image has a feature vector = : . .
8x1 mal tissues is larger than the abnormal ones. This is because
[FAFy---F3] € IR®*". All feature vectors form a fea- : .
, most images contain only one or two polyps and most re-
ture matriX [vn, 1 Vn2 *** Un N, Val Va2 *'c VaN,| € : . ; . L
Sx(N1+N2) +v ’ ' ’ ' ’ gions are normal tissues in an image. Therefore, it is neces-
R 1T%2) "wherev,, andv,, denote the feature vector of . -
. ) sary to select more sub-images as training patterns for nor-
normal and abnormal sub-images, respectively.

. . . _mal tissues.
It is very common to normalize features before using
them in computer vision. In this study, we simply choose
the maximum value in the matrix and the feature matrix is
divided by this maximum to keep all elements less or equal
to one. This normalized feature matrix is used to train the
classifier stated in Section 2.7.

2.6. Polyps training

The training patterns contain polyps and normal tissue sub-
images. All sub-images are selected viasdll (Graphic  Fig.1 Atypical colonoscopic image with a polyp. There are somengir
User Interface) on Matlab platform by a well-trained expert "9ht réflections on the mucosal surface.

The size of all sub-images are the sam&3nx 33 pixels.

with R, G, and B channels. The size is determined due to Some criteria for selecting training patterns are consid-
the following three reasons: 1) There are different sizes otred. The selected sub-images from a polyp image are in
polyps in our colonoscopic images. Some polyps are vergeneral not overlapping. This criterion works also in selec
large and some are smaller thzthx 33. If the window size  ing polyp sub-images. Figure 1 shows one typical colono-
is too large, it is possible to include the normal tissue & th scopic image. However, we have to note that some of our
window and the abnormal to normal ratio might be less tharimages have much smaller polyps as shown in this figure. In
50%. Under this situation, the feature of polyps might causesuch cases, it is more difficult to detect them. This is also
ambiguities in discrimination. On the contrary, if the win- one of the reasons that the size of training patterns is chose
dow is too small, it is hard to represent the texture changeas33 x 33, which is much smaller thafy x 64.

in a certain area. The larger the population of pixels in the The selection of polyps’ sub-images is in general not
sub-image, the more informative the features are expeated bverlapping. The strong light reflection is considered as a
be. 2) In'2, they chosed2 x 32 as a window size. In their feature so that it can be included in sub-images. However,

Table 1 Averaged p-values of the corresponding features.

Contrast Homogeneity Energy Correlation  Entropy Inveifferénce  Smoothness

moment
Red 0.1358 0.1661 0.1792 0.2297 0.2383 0.1661 0.1675
Green  0.1799 0.0798 0.0401 0.2501 0.0923 0.0798 0.2153
Blue 0.2462 0.0849 0.0256 0.1264 0.0326 0.0849 0.1222

Note Total 34 images)® of the co-occurrence matrix.
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overlapping sub-images. The sub-image is of the same size

the region of the light reflection should not be too large. It i 2 : ) )
the one in the training process, i383,x 33 pixels with

is suggested to separate them into different sub-images i o
three channels (R, G, and B). The occlusion ratio is 50%

shown in Fig. 2. Moreover, if the polyp is large, it is sug- . T o X
gested to select as many sub-images as possible to cover tw_ebOth the x- gnd_y-d|rect|_on, |:e. the sliding \_/vmdow_has 1
whole polyp. pixels translanon_m both d|rec.t|(_)ns. L_Jnder this cohsmnn;
smaller polyps might not be divided into two sub-images.
All sub-images are fed into our well-trained SVM clas-
sifier to test if it contains polyps or not. If one sub-image is
labeled as a polyp image, a rectangle will be marked on that

position for observation.

2.8. Study on training pattern numbers

During this study we found that the training number is also
an important factor on sensitivity and false positive réte.
Fig. 2 Polyps sub-image selection is in general not overlappirtie T order to systematically study their relationship, we made a
strong light reflection cannot occupy too large a region inka&isnage. experiment. We divided these 74 images into two classes:
one for training and another one for test. In the trainingsla
The selection of sub-images of normal tissues includeg,o training patterns are randomly selectdd,and N, de-
the dark regions, the reflections and so on. We suggest s@y;e the training numbers of abnormal (containing polyps)
lecting partial reflections in a sub-image as well. This is be ;4 hormal patterns, respectively. Since some polyps are
cause there are also reflections on normal mucosal surfacebsr'na”, it is possible to select an abnormal pattern in which
see Fig. 3. contains some part of normal tissue. Therefore, in the abnor
mal pattern selection, we define that the polyp area must be
more than 70% of the whole selected pattern area. On the
contrary, in the normal pattern, it is not allowed to include
any part of polyp. The definitions of sensitivity and false
positive rate are listed as follows:

sensitivity= N(T'P) (1)
Y= NTP) T NFN)
" N(FP)
false positive rate= 2
_ _ o P NFP) s NOTN) @
Fig. 3 The number of sub-images of normal tissue is in tendency more
than the abnormal tissues. whereN (x) is the number function and TP, FP, TN, FN de-
note true positive, false positive, true negative, falsg-ne
2.7. Classification: Support Vector ative, respectively. The SVM with a radial basis function
Machine (SVM) (o = 1,2) is used as the classifier. The test results are in

. . ~ Section 3.
Support Vector Machine (SVM)® is a kernel-based classi-

fier. It is very popular in pattern recognition and computer

vision. Many applications are based on SVM to have a non?" RESULTS

linear classification. Recently, SVM has been studied as & total of 74 images are carefully selected and saved in our

tool for predicting probability®. In this study, we utilize this  database. They are representative containing differgetsty

tool to be a two-class classifier. The radial basis function i of polyps, different colors and so on. Half are used as train-

selected as the kernel function. The parameter of SVM usingng patterns (images) and half as test images.

radial basis function isy = 1. Sixty-one sub-images are manually selected by an expert
A rectangle active region is defined in every test imageas polyps sub-images and 283 sub-images are selected as

This rectangular area is of the same size and the same poermal tissue from the 37 training images. Figure 4 shows

sition in each image and it includes most colonic mucosakome examples of training sub-images of polyps. There are

surfaces in images. This definition reduces the redundariewer or more strong light reflection spots on polyps sur-

calculation on the image border without reducing useful in-faces. Figure 5 shows some example sub-images of normal

formation. tissue in the training patterns. Most polyps sub-images hav
Every test image is automatically divided into severalstrong light reflection spots. Some sub-images of normal
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=
-

Fig. 4 Twelve from sixty-one polyps sub-images in the trainingeais.
: -
—

Fig. 5 Twelve from 283 sub-images of normal tissue in the trainiatigrns.

S,

tissue have vessels, and this is a good feature to be distin- Figure 7(b) shows another detection result. A small polyp
guished from polyps. (bottom-right) is detected. Figure 7(c-d) and (f) dete& th

The normalized cross-correlation coefficient is a meajpolyps. The false-positive might be because of the smooth
surement if two signals are similar to each other or not. Ifmucosal surface which is like a polyp. In Figs. 7(f) and (i),
the value between two signals is small then it is less correthe false-positives have small strong light reflection spot
lated. This can be treated as a tool to see if two features and the mucosal surface is smooth. Both features are sim-
correlated to each other. The results are shown in Table 3. ilar to polyps.

Thirty-seven images are tested. Some contain a single In Fig. 7(k), a large polyp is detected without any false-
polyp in an image and some contain multiple polyps. All negative. In this image, the colon is not well cleaned so that
polyps in single-polyp images are detected. However, soméhe image color is very different from most of the other im-
small polyps are not detected in the multiple-polyps imagesages. Two marks are correct on the same polyp.

One example is shown in Fig. 6. This might be due to the fact In Section 2.5, the feature normalization is done across
we did not choose tiny polyps in the training patterns. Theall features. This is chosen because the observation fisat th
sensitivity is 86.2% and the the false-positive rate peage type of normalization can slightly reduce the false-pwsiti

is 1.26. rate.

Notably, the sensitivity calculation is slightly differeto In the study on the relationship between the ROC (sensi-
the formula used if. Since the goal of our study is to iden- tivity versus (1-specificity)) and the training pattern riogn
tify the polyp, it is not necessary to find out every pixel of Table 3 shows our resully; and N, denote the number of
one polyp. Instead, if one pixel is correctly identified as athe sub-images randomly selected from each training image
polyp, the rest pixels in this same polyp are considered affom polyps and non-polyps (normal tissue), respectively.
being identified. We found that an increasing ratio &% /N» will increase the

Figure 7 shows some detection results, in which (a)-(i)sensitivity, however, the false positive rate will be iresed
have correct marks and false-positive and (j)-(0) havesobrr - as well. Moreover, the sanTg; /N- ratio gets similar result.
marks without false-positives. Two rectangles have cdlgrec In order to get a lower false positive rate and a higher sensi-
marked the polyp and one false-positive in Fig. 7(a). Thistivity, we have to make a compromise. We suggest selecting
might due to the color being similar to the polyp’s color. Al- an N> /N, ratio between 4 and 5. This is the reason why we
though two rectangles are marked as false-positive, we cathose 61 and 283 training sub-imagé& (N, = 4.6) for
culate only one false-positive since they are overlapping. the polyps and non-polyps, respectively.
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Table 2 The normalized cross-correlation coefficients of &features.

1 2 3 4 5 6 7 8 9
1.0 -0.2441 -0.0490 0.1008 0.1890 0.3410 -0.1878 0.3534 156@. 1
1.0 0.4542 05738 0.4368 -0.1034 0.3621 -0.0976 0.3258 2
1.0 0.7374 0.1987 0.0378 0.0061 0.0270  -0.0164 3
1.0 0.8085 0.1556 0.0908 0.1166 0.0630 4
1.0 0.1929 0.1264 0.1457 0.1056 5
1.0 -0.1298 0.8676 -0.0741 6
1.0 -0.0822 0.9819 7
1.0 -0.0240 8
1.0 9
Fig. 6 The multiple polyps in the image are not well detected.
Table 3 The relationship between the sensitivity, FPR and thtraining pat-
tern number (ratio).
o N2 2N, 3N; 4N, 5N,
Ny
6 Sensitivity  0.9352  0.8565 0.8800 0.2083
1 FPR 0.2714 0.1194 0.0970 0.0119
8 Sensitivity  0.9352  0.9259 0.8565 0.5972
FPR 0.2593 0.1569 0.0527 0.0298
10 Sensitivity  0.9491  0.9259 0.8843 0.8194
FPR 0.2562 0.1707 0.0841 0.0677
12 Sensitivity  0.9491  0.8981 0.8515 0.5694
FPR 0.2570 0.1358 0.0666 0.0367
6 Sensitivity  0.9167 0.8657 0.8519 0.7593
5 FPR 0.1801 0.1187 0.0957 0.0698
8 Sensitivity  0.8981  0.8287 0.8102 0.8148
FPR 0.1755 0.1132 0.0916 0.0788
10 Sensitivity  0.9491  0.8380 0.8009 0.8009
FPR 0.1628 0.1148 0.0891 0.0752
12 Sensitivity  0.9167 0.8380 0.8009 0.8102
FPR 0.1690 0.1043 0.0681 0.0744

Note Using SVM as a classifier: radial basis function.
FPR: False positive rate.

The program is written on the Matlab platform. It takes can be reduced in the manual selection. 2) The larger polyps
about 13 seconds to process one colorectal image of the sibas larger area, therefore, the larger polyps get moréricain
378 x 254 at a PC with a 1.83GHz Intel Centrino Duo CPU patterns. Thus, we can convince that most area of polyps in
and 2GB RAM. the training data set can be included.

We have made some experiments on different ratios of
selected training pattern numbers, i.e., the ratio of palyg

Regarding the training pattern selection, we found that thgormal tissue. Based on experiments, we found the false-

_ : ! on L he false- o .
detection accuracy is better if the training patterns are sep ositive is increased and the false-negative is decredsed i

lected manually comparing to those selected randomly. Thighe polyp§ training pat"[e.:rn nqmber 'S mcrea;ed. Thls. phe-
. . } : nomenon is more significant if the overlapping area is in-
might be due to following reasons: 1) The overlapping area

4. Discussions
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Fig. 7 Polyps detection results. (a)-(i) have correct marks atsefpositive. (j)-(0) have correct marks without falsesitige.

creased in polyp’s training pattern selection. illaries. These capillaries are visible under the ligharili-
According to our experiences, color is an important as-hation. However, the polyps contains rarely capillarigdse T

pect on recognizing polyps. This might be due to the follow-capollaries have good contrasts in blue and green channels.

ing reasons: 1) Normal colonic mucosa contains many capfhese characteristics make the two channels to be good fea-
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ture sources. 2) There are mirror reflection almost in every analysis versus primary 2D transverse analysis with coemput
colonic image. The strong reflection is a satuation in colors assisted reader softwaiRadiology239(3):759, 2006.

and therefore they cannot offer any information. However?: Chowdhury TA, Whelan PF, Ghita O, The use of 3d surface fit-
ting for robust polyp detection and classification in ct cag-

we. obserye that _almost all polyps contai_n mirror refletions. raphy, Computerized Medical Imaging and Graphigg.427,

This provides a hint that the polyp may existin a place where 0.

there is a mirror reflection. The mirror reflection can be de-5. Karkanis SA, lakovidis DK, Maroulis DE, Karras DA, Tziwa

tected using the satuation in all three color channels. M, Computer-aided tumor detection in endoscopic videogisin
This system can offer the physicians an alternative way to _colo_r Wave_lgt featuresEEE Trans. on Information Technology

detect polyps off-line. The goal is to confirm that all polyps in Biomedicine/(3):141, 2003,

h b d af h d o Tt Nagata S, Tanaka S, Haruma K, Yoshihara M, Sumii K, Ka-
ave been extracted aiter the endoscopy examination. The jiyama G, Shimamoto F, Pit pattern diagnosis of early calore

white light visualization cannot offer the opportunity efr tal carcinoma by magnifying colonoscopy: Clinical and st
ognizing malignant tumors from polyps. The future work is  logical implications/nt. J. Oncol.16:927, 2000.
using narror band |mag|ng (NB|) technique combined Wlth7 Haralick RM, Shanmugam K, Dinstein |, Textural features f

image processing technique to identify malignant tumors imqge classificatiolEEE Trans. on Systems, Man, and Cyber-
neticsSMC-3(6): 610, 1973.

from polyps. 8. Cohen P, Ledinh CT, Lacasse, V, Classification of nateal t
tures by means of two-dimensional orthogonal maskgE
5. CONCLUSION Trans. on Acoustics, Speech, and Signal Proces3i(ih):125,
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