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Abstract—We present an approach to the detection of tumors tern (pit pattern) of the colon lining might be the very earliest
in colonoscopic video. It is based on a new color feature extraction sign of polyps. Pit patterns can be used for a qualitative and
scheme to represent the different regions in the frame sequence. o 3 niitative diagnosis of lesions. These textural alterations of

This scheme is built on the wavelet decomposition. The features th loni | f Iso b d for th ¢ fi
named as color wavelet covariance (CWC) are based on the covari- € colonic mucosal surface can also be used for the automatic

ances of second-order textural measures and an optimum subsetdetection of colorectal lesions [4]-[6].

of them is proposed after the application of a selection algorithm.  The scope of this work is the location of regions suspicious

The proposed approach is supported by a linear discriminantanal- - for malignancy in video colonoscopy, regions that require more

ysis (LDA) procedure for the characterization of the image regions thorough examination by medical experts for a second evalua-

along the video frames. The whole methodology has been appliedt. T detecti h ina textural inf tion h
on real data sets of color colonoscopic videos. The performance in Ion. Tumor detection schemes Lsing texiural information have

the detection of abnormal colonic regions corresponding to adeno- been proposed for various tissues such as liver [7], prostate [8],
matous polyps has been estimated high, reaching 97% specificity breast [9], brain [10], cervix [11], and cardiac [12]. Automated
and 90% sensitivity. classification and identification of colonic carcinoma using mi-

Index Terms—Color texture, computer aided colonoscopy, Croscopicimages and involving texture analysis compared with
image analysis, medical imaging, polyp detection, wavelet fea- geometric features based on statistical analysis has been pro-
tures. posed by Esgiaet al. [13], [14]. The use of endoscopic video

frames for the identification of adenomatous polyps involving a
I. INTRODUCTION rlovel wavelet based colqr textgre analysis scheme is a topic that
) ) it has not been reported in the literature to the best of our knowl-
( :OLORECTAL cancer is the second leading cause @{jge. In the proposed approach the video frame sequences are
cancer-related deaths in the United States [1], [2]. MOkgansformed in scale and frequency by using the wavelet trans-
than 130 000 people are diagnosed with colon cancer each y@gf since it has been observed that the textural information is
and about 55 000 people die from the disease annually. Colggalized in the middle frequencies and lower scales of the orig-
cancer can be prevented and cured through early detectippy signal [15]. Statistical color wavelet features have been en-
so early diagnosis is of critical importance role for patient'gountered in this texture analysis scheme, for the discrimination
method for an early detection and removal of colorectal polyRst the texture feature space follows the multiresolution approach
If such polyps remain in the colon, they can possibly groyn the color domain. The resulted space is found to be discrim-
into malignant lesions. Colonoscopy is an accurate screenjfgnt, A linear classification scheme was used to label image
technique for detecting polyps of all sizes, which also allowggions with a low error rate. The novel proposed color wavelet
for biopsy of lesions and resection of most polyps [3]. Thiaxtural features are favorably compared to the rival approach
colonic mucosal surface is granular and demarcated into smg|yavelet correlation signatures [16].
areas called nonspecific grooves. Changes in the cellular patThe proposed detection scheme involves a) a novel feature
extraction technigue based on a discrete wavelet decomposition
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video sequences used for evaluation were selected to contaigtric features for the discrimination of polyps from normal
relatively small polyps, as physicians suggested. The sequencagnic regions [24]-[27].

were evaluated by endoscopy experts and compared with the

corresponding histological results, proving the accuracy of the

proposed methodology (this evaluation procedure with respect IIl. COLOR TEXTURE ANALYSIS
to the histological data led to specificity ranging from 86% t0 Co|or texture analysis is based on the combined information
98% and sensitivity ranging from 79% to 96.5%). from both color and texture fields of the image. Texture

The rest of the paper is organized as follows. Medical infoprocessing was mainly focused on the use of gray-level image
mation on colorectal polyps is provided in Section Il. In Sednformation for a number of years [28], [29]. Pioneering
tion 11, the fundamental properties of color and texture analysisudies exploiting the combination of both color and texture
involved along with the proposed methodology are presentédformation, have been presented by Caelli and Raye [31],
Section IV describes the evaluation approach and the results 8harkansket al. [32], and Kondepudt al.[33]. More recent
tained from the extensive experimentation. Finally, discussistudies involving color texture analysis, include the calculation
of the results as well as the conclusions of this study is presentddchromaticity moments [34], a perceptual approach for the
in Sections V and VI, respectively. segmentation of color textures [35], Gabor filtering of complex

hue/saturation images [36], moving average modeling [37] and
color and texture fusion by combining color and multireso-
Il. MEDICAL BACKGROUND lution simultaneous autoregressive models [38]. Drimbarean

A polyp is defined as any visible tissue mass protrudi d Whelan [39] performed experiments using grayscale and

from the mucosal surface. Polyps are characterized accord or features based on discrete cosine transform, Gabor and

to their color, appearance of their mucosal surface, preseﬁ ccurrence matrices in different color spaces. The results

of ulcers, their bleeding tendency, and above all the preser? this study led to the conclusion that the introduction of

ce . . .
of pedunculus (pedunculated or nonpedunculated). Their S{(Ezc;e?Or mformatlon-, especially by caIcuIatmg gr_ayscalg texture
eatures on the different color channels, significantly improves

varies frqm bar_ely vis_ible transparent protrusions to penduc olor texture classification. Other approaches that have taken
lated lesions with a diameter of 3 to 5 cm. Although there ifito account the correlation of texture measures between

many histopathologic types of polyps, the majority of therfhe different color channels, have shown that color texture
are adenomatous. Approximately 75% of the colonic polyRstormation can also be found in the way color channels are
are adenomatous [17]. Adenomatous polyps are neoplas@isied to each other. Under this framework Paschos [40]
that result from disordered cell proliferation, differentiationproposed a set of discriminative and robust chromatic correla-
and apoptosis [18]. The evolution of an adenomatous polygn, features using directional histograms, Van de Woueter

to cancer is the result of a multistep process that involvgs [41] achieved high classification results using correlation
many molecular and genetic mechanisms including activatigiynatures calculated on the wavelet coefficients of the different
of oncogenes and suppression of tumor genes [19]. The regalor channels of the images and Vandenbrouekal. [42]
prevalence of colonic polyps in the general population is nekploited the correlation of first-order statistical features
known. Polyps may be found in the colon of 30%-50% aimong the different color channels for unsupervised soccer
people older than 55 years old, while colonoscopy surveijmage segmentation. In this work, we propose the covariance
showed a lower incidence, at the level of 30% [20]. Today, thed second-order statistical features in the wavelet domain for
international consensus for the treatment of polyposis dictatbe characterization of colonic polyps.

removal of all polyps, regardless of the location, size or other

characteristics, in order to prevent a possible developmext Color Spaces

to cancer. Colonoscopy remains the best available procedur
to detect polyps, with many advantages such as the abil;
to have simultaneous tissue biopsy or polypectomy [3].

%olor is a property of the brain and not of the outside world
3]. The nervous system, instead of analyzing colors, uses the

mpetitive new aeneration techni d for the det timformation of the external environment, namely the reflectance
cOmPELtive new generation technique used for he detec 8Pdifferentwavelengthsoflightandtransformsthisinformation

of colorectal polyps is virtual c_olonoscopy based on COMPULEE - 0lors [44]. The use of the red-green-blue (RGB) space is
tomography (CT) or magnetic resonance (MR) data. Thi%y common in image and video-processing research, dictated
technique utilizes specialized imaging software that allows @i arily by the availability of such data as they are produced
a three-dimensional visualization of the colon and the rectug} most color image-capturing devices. Drawbacks in the use of
by combining multiple volumetric tomographic data [21]-[24]rGR in computer vision applications are: the high correlation
It has the advantage that it does not discomfort the patieRifong RGB channels for natural images [45], the representation
as the standard colonoscopy, but it is not so accurate for $¥&rGB is not very close to the way humans perceive colors [46]
detection of small lesions and it can not easily discriminaghd it is not perceptually uniform [47].
polyps among retained stool or thickened folds because theyn RGB space, each color is represented as a triple (R, G, B),
can mimic their shape and density and does not allow for tissi@ere R, G, and B represent red, green, and blue signals corre-
biopsy or polypectomy [23], [24]. sponding to different wavelengths of the visible spectrum. As-
Important research on the automated detection of polyps suming dichromatic reflection and white illumination, a color
virtual colonoscopy data has been reported in the recent litetaansform that is independent of the viewpoint, surface orienta-
ture. Most of this research was concentrated on the use of ggon, illumination direction, and illumination intensity, has been
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proposed by Gevers [48]. A first-order invariant instantiation ahe information in different resolutions by exploiting the inter-
this transform, which is also more robust to noise comparing teediate scales for the final decision. Multiresolution analysis of
other invariant instantiations, has proven to be the normalizad image can be achieved by using the discrete wavelet trans-
RGB space (Appendix I-A). Normalize¢ghb has been used for form.
automatic lip reading [49] and other face detection applicationsTexture is the discriminating information that differentiates
[52]. normal from abnormal lesions [4]-[6]. Since texture is essen-
A variety of other color spaces are used in different applifally a multiscale phenomenon, multiresolution approaches
cations. The international committee on colorimetry, Commisuch as wavelets perform well for texture analysis. A character-
sion Internationale de I'Eclairage (CIE), established the XYization of texture is usually based on the local information that
color space as standard, based on the response curves offipears within a neighborhood distribution of the gray levels.
eyes and statistics that were performed on human observEhe proposed methodology focuses on a single scale in order
[47]. Normalizing the XYZ (Appendix I-B), the occurringyY to extract the relevant information. Recent studies have come
space, has been proven to be noise robust for texture recognitmthe conclusion that a spatial/frequency representation, which
using chromatic correlation features [40]. All of the above colgreserves both global and local information, is adequate for
spaces have the advantage of isolating the luminance comtbe characterization of texture. The wavelet transform offers a
nentY from the two-chrominance components [53]. tool for spatial/frequency representation by decomposing the
The Karhunen—Loeve (K-L) transformation applied on imeriginal images to the corresponding scales. When decompo-
ages, has been proved to be best for color texture characterigtien level decreases in the spatial domain, it increases in the
tion as reported by Van De Wouvet al.[41], and for the anal- frequency domain providing zooming capabilities and local
ysis of skin lesions [54]. K-L transform is formed by the eigeneharacterization of the image. Since the low-frequency image
vector of the correlation matrix of an image, which remains aproduced by the transformation does not contain major texture
proximately the same for a large set of natural color images [4ijformation and the most significant information of a texture
[55]. It transforms an image to an orthogonal basis in which tlodten appears in the middle-frequency channels, we choose to
axes are statistically uncorrelated. In that sense, the informaticse discrete wavelet transform (DWT) for the decomposition
presented in RGB space is decorrelated. Practically, it that aafrthe frequency domain of the image [61], [16], [63]. Wavelet
be produced as a linear transformation of the RGB coordinafesme representation of the image offers a representation of the
(Appendix I-C). frequency domain. Such representations have been proposed
Perceptual uniformity has been considered to form colbecause they have greater robustness in the presence of noise,
spaces that describe color similarity to the way humans percegan be sparser, and can have greater flexibility in representing
color. Generally, a system is perceptually uniform if a smathe structure of the input data. The dimensionality and the
perturbation to a component value is approximately equallgpresentation of input is not a unique combination of basis
perceptible across the range of that value [47]. CIE-Lab isvactors. The two-dimensional (2-D) DWT transformation is
perceptually uniform color space that has proved to perforimplemented by applying a separable filterbank to the image
better thanRG B for color texture analysis, but not in the[64].
presence of noise [53]. It has been applied for several colorThis filtering procedure convolves the image with a lowpass
texture classification tasks such as: the retrieval of colégf and bandpass filtet7, which produces a low-resolution
patterns using textural features [56], analysis of skin lesioimeagel,, at scalen and the detail imageb, ... D3, at scale
[54] and segmentation of human flesh [57], with a performanee The repetition of this filtering procedurés = 1...n)
that has been considered high. The coordinates of CIE-Labrasults in a decomposition of the image at several scales. The
a function of R, G, B are given in Appendix I-D. final set consisting of the low resolution imadg and all the
Another, approximately perceptually uniform color space getailed imageds, ... D3, along the scale is the multiscale
defined in terms of hue, saturation and value (HSV), a phenomepresentation of the image at a specific depth defined by
enal color space[58]. Phenomenal color spaces attempt to ctag- total number of scales. This filtering procedure can be
sify colors in relation to how they are perceived and interpreteléscribed by the following recursive equations [16]:
by the human brain and they are more “intuitive” in manipu-

lating color. HSV has led to higher classification performance Lk(b Jb;) = [Hy * (Hy * Li—1) 1,11, 2 (bi ;)
than CIE-Lab and RGB in both noisy and noise-free conditions v ’ s I

for color texture analysis [53]. On the other hand, Painal. k—2(bi;b;) = [Ho * (Gy * Li—1) 12111, (bi; b)

[36] showed that HSV performs equivalently & 3 for color ng 1(bi,b;) =[G * (Hy * Li—1)y,,]1, . (i, b;)
texture classification using different features. Another common Dsj(bi, b)) = [Go % (Gy * Lip—1) 1, )1, (bis ;) (1)

alternative similar to HSV is hue, lightness, saturation (HLS)
space [46], [59]. HLS has been applied to represent the colongiere the arrow(|) denotes the subsampling procedure, the

the tongue for medical diagnosis [60]. asterisk(*) is the convolution operator, and andG are the

- i two filters forallk = 1...n
B. Second-Order Statistics on the Wavelet Domain as The cooccurrence matrices approach has been considered
Grayscale Textural Features in this work for the description of a statistical model of the

As it has already been noted, the size of the lesions to be tkxture encoded within the decomposed subimages. It captures
tected using the proposed framework varies. The image resa@decond-order gray-level information, which is mostly related
tion cannot be defined so as to cover the majority of the lesiotts the human perception and discrimination of textures [65].
sizes. It will be useful to face the problem in a way that detecEor a coarse texture these matrices tend to have higher values
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near the main diagonal whereas for a fine texture the valuesnsequently they should appear to have similar feature values
are scattered. The cooccurrence matrices encode the gray levéhe features. This similarity property of the selected features
spatial dependence based on the estimation of the second-ocder be described by measuring the variance in pairs of them.
joint-conditional probability density functionf(i,j,d,#), By using the covariance between two features, we can have a
which is computed by counting all pairs of pixels at distaice measure of their “tendency” to vary together. The texture co-
having gray levels andj at a given directiorf. The angular variance has been proposed in the literature [29] as a measure
displacement is usually included in the range of the valu#isat is used directly on the image intensities or among the color
{0,7/4,7/2,3w/4}. Among the 14 statistical measures, origintensities of the examined region. Our method uses the covari-
inally proposed by Haralick [28], [66], that derive from eaclance in order to rank the changes in the statistical distribution
cooccurrence matrix we consider only four. Namely, angulaf the intensities between the examined regions in the different
second moment, correlation, inverse difference moment acolor channels. By noticing the way the features of examined
entropy texture regions covary it will be an easy task to decide if they
belong to the same texture class since in similar textures we ex-

Ny, N,
A pect measures to covary.
2
Py = Z Zp(z./ 7) @ By considering the original image we obtain its color trans-
¢ formation. Color transformations result in three decomposed
S SN (i )6, 5) — Hawtty color channels
F, = P 3) ‘
«%y I', i=1,23. (8)
N, N, 1
Fy=>">" mp(l}j) (4)  Athree-level discrete wavelet frame transformation is conse-
i=1 j=1 quently applied on each color changé&1). This transformation
Ny N, results in a new representation of the original image, according
Fy= =Y "p(i,5)log(p(i, 5)) (5) to the corresponding equations of wavelet decomposition (1).
i=1 j=1 This decomposition procedure produces a low-resolution image

S .. . L: at scalen and the detail imageB; andl = 1,2,3,...,3n.
wherep(s, j) is theijth entry of the normalized COOCCUITeNcy, o r case. we have

matrix, N, is the number of gray levels of the image, and

U, [y, 0z, @aNdoy, are the means and standard deviations of the ji — {Li»Dii} . i=1,2,3, 1=1,2,3,....3n  (9)

marginal probabilityp,. (i) obtained by summing up the rows '

of matrix p(7, j). These measures provide high discriminatiowheren is the decomposition level.

accuracy which can be only marginally increased by addingSince the textural information is better presented in the

more measures in the feature vector [67]. middle wavelet detailed channels, we consider the second level
In addition to the features (2)—(6), Esgitral. proposed the detailed coefficients. Thus, the image representation that is

use of contrast [14] or the use of both contrast (also knovfinally considered is the one consisting of the detail images

as difference moment) and dissimilarity [13], for microscopiproduced from (9) for the valuds= 4, 5, 6. This results in a

image analysis of colonic tissue set of nine different subimages
Ng Ng D i=1,2,3, 1=4,56. 10
Fy=Y "% (i—j)°p(i,j) (6) i o . 4o
i=1 j=1 For the extraction of the second-order statistical textural infor-
Ny Ny mation, we use cooccurrence matrices calculated over the above
Fs = Z Z li — 3lp(i, 7). (7) nine different subimages. These matrices reflect the spatial in-
i=1j=1 terrelations between the intensities within the wavelet decompo-

) ) sition level. The cooccurrence matrices are estimated in four dif-
In Section IV, we experimentally show that the use of these fegyeant directions of intensities’ relation° %5 . 9¢°. and 135
tures do not provide additional textural information that is Sig‘esulting to 36 matrices

nificant for the analysis of the macroscopic video images used
in our application. C.(Dj), i=1,2,3, 1=4,56, «=0°45°90°135°.
C. Second-Order Color Wavelet Covariance (CWC) Features 11)
The proposed approach is based on the extraction of colofFinally the four statistical measures, namely angular second
textural features. These features are estimated over the secomoiment, correlation, inverse difference moment, and entropy
order statistical representation of the wavelet transform of thee estimated for each matrix resulting in 144 wavelet features
color image. Since each feature represents a different property ]
of the examined region, we consider as valuable information F.. (C.(D})), i=1,2,3, 1=4,56
the covariance among the different statistical values between the o =0°,45°90°135°, m=1,2,3,4 (12)
color channels of the examined region.
According to the definition of texture, it is mainly related tovherem is the respective statistical measure.
the distribution of the intensities [28], [61]. It is then expected In the proposed scheme, we consider as a textural measure
that similar textures will have close statistical distributions andWC!, (i, j) the covariance of the same statistical measure be-
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tween color channels j at wavelet band which is defined ac- il pi
cording to the following equations: 3177 iy
i j Dg| Df|
Cov | F (Ca (D})) ,Fm (ca(P))] | J| Dy y
= F, (C.(D})) — E(Fn (C. (D]
3 [ (Ca (D) = B (B (G ()] o | o
«[Fu (C0 (27)) = £ (£ (0 (7))
CWC,, (i, 7)
_ {Cov [P (Ca (D)) . P (Ca (Df))] . i< D; D,
Var [Fy, (Ca (D))], i=
(13)
where o represents the different angles for the cooccurrence
matricesa = 0°,45°,90°, 135°. Fig. 1. Three-level wavelet decomposition scheme of the original image for

Since the covariance (13) relates pairs of features, tF°rchannet.

proposed set of features is a set of 72 components. The 36 of

them are the variances as they relate features of the same color TABLE |

channel and the rest 36 represent features of different color HISTOLOGICAL CHARACTERIZATION OF THEAVAILABLE DATASET
channels estimated by the corresponding covariance valt

We call this set of the 72 components color wavelet covarian Sample Pﬁgzﬂﬁtjn Perz;?)tage Per‘(:;s)tage
features, the CWC feature vector. Patients 66
The extraction of the CWC vector can be described in tt Polyps 95 100
following steps. Hyperplastic 35 36.8
a) The original color image (video frame) is decompose “4¢nomas Benien gg 63.2 14050
into three separate color bands. Mah-znam 33 55
b) Each band is scanned across with fixed size sliding square
window.

¢) Each window is then transformed according to a threendoscope. The major interest for the tumor detection problem,
level 2-D discrete wavelet transform by using decompes the experts have suggested it, has led us to the use of video
sition functions that follow the properties of the waveleframes mainly of small size adenomatous polyps. Since they are
frames. The detail coefficients of the middle decomposot easily detectable, they are more common and more likely to
tion level are consujered fo.r further processing. This St¢come malignant compared to the hyperplastic polyps [17].
results to a set of nine subimages. _ Sixty-six patients having relatively small polyps were exam-

d) The cooccurrence matrices, for each image of the previqys within a period of eight months. The results of the histo-
step, are estimated into four directions, producing 36 mgyoic| evaluation of these polyps are presented in Table I [62].
trices _th.at are a second-order statistical representatlonlq?e mean diameter of the adenomatous polyps was estimated to

e) Iir;i?g?;?iiltilcg??:éasures (angular second moment bﬁ_5.66 + 0.63 mm. A total number of 60 video sequences cor-

’ ?Esponding to the different adenomas with a duration ranging

tropy, inverse dlfferen(;e moment, gnd correlation) are C4etween 5 to 10 s, were used for the evaluation of the proposed
culated for each matrix, resulting in a set of 144 compo- othodoloav. The video frame sequences were recorded durin
nents. Each of the measure carries different informati(f{;ﬁ 9y Vi qu W unng

about the texture. e clinical examination of the patients and then digitized by

f) Covariance values of pairs of the estimated featur&SiNg @ commercial RGB-color frame grabber at a rate of 25
(e) constitute the 72-dimensional CWC feature vectdf@mes Per second, a resolution of IxKL K pixels and 24 bits

to be used for the classification of the image regiorfe" pixel color depth (eight bits for each color channel). Each
(windows). one of these video frame sequences, selected by the physician

as indicative cases, illustrates small size lesions of interest at
different position, scale and lighting conditions (Fig. 2). In the
experiments outlined in the following section training and test
The experimental study of this paper outlines the series of tggt of frames have been considered. The training set comprised
conducted experiments and the obtained results in order to eygl1 80 frame images (up to three frames per video sequence)
uate the proposed novel feature-extraction methodology, alogighwn by the experts group. The selection of the frame images
with its associated parameters in the problem of tumor detectigihe incorporated in the training set has been very carefully per-

IV. EXPERIMENTS AND RESULTS

using color colonoscopic video sequences. formed by the experts group in order to minimize the bias intro-
. ) duced in the training procedure. Each one of the five members of
A. Data Acquisition and Processing the expert group has independently selected 200 image frames

The colonoscopic data used in the following experiments was representative of the image frames encountered in the normal
acquired from different patients with an Olympus CF-100 Hkubject of the video-sequences as well as 400 image frames as
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5) Effect of the size of the training set to the generalization

performance of the proposed methodology.

The whole experimentation procedure was based on two
major criteria. The first criterion is related to the classification
task and the second is related to the evaluation of system’s
performance.

The classification task is based on stepwise linear discrimi-
nant analysis (LDA). It is a simple model involving a minimum
set of parameters and has been used in medical decision support
tasks providing increased sensitivity [75], [13]. The utilization
of a more complex classifier would increase the number of pa-
rameters associated with the evaluation of the proposed feature
set. The details of the application of LDA include the use of
Fisher’s function coefficients and computation of the prior prob-
abilities from group sized? = 0.0001 andF’ statistic for inser-
tion/remove variable has been set at 3.87. As in many medical
applications, the data sets consisting of normal and abnormal
regions are highly unbalanced [78]. In our experimentation the
proportion of abnormal to normal patterns for each of the avail-
Fig. 2. Representative sample of the dataset. able frames is about 10% average. Instead of measuring the ac-
curacy, i.e., the rate of successfully recognized patterns, more

representative of the different types of polyps encountered rgliable measures for the evaluation of the classification perfor-
the total of 66 patient corresponding video sequences. In fR&nce can be achieved by using the sensitivity (true positive
sequel, considering the different sets of frame images obtairfé€) and the specificity (100 minus false positive rate) mea-
by each expert, an automated statistical analysis has been gefes [76], [77]. These two measures can be calculated by the

formed in order to select a final set of training frame imagéd8!lowing formulas:

achieving a very high interrater agreement (Spearman’s corre- o d

lation coefficient,r = 0.94, P < 0.001). Such an inter-rater Sensitivity = cxd 100(%) (14)
agreement could be safely considered to lead to the construc- b

tion of a training set of image frames with reduced bias intro- Specificity = (100 P 100> (%) (15)

duced in the evaluation procedure [71]-[73]. The test set used
for evaluation of the recognition performance was comprisedwherea is the number of the true negative patterhss the
1200 (up to 20 frames per video sequence) randomly selectgtnber of the false positive patterass the number of the false
frames from the video sequences. In order to improve the reliegative patterns, antlis the number of the true positive pat-
ability of our experimentation we have chosen nonoverlappifigrns. The classification performance is high when both sensi-
training and test sets. tivity and specificity are high, in a way that their tradeoff favors

A 1.4 GHz Pentium IV processor-based workstation with 51ue positive or false positive rate depending on the application.
Mb RAM was used for the video processing and the executidm the following paragraphs, we summarize the results on the
of the previously described algorithms. A special purpose softbove five categories.
ware suite implementing these algorithms was developed on Mi-1) Second-Order Statistics on the Wavelet Domain of
crosoft Visual C++, and many modules incorporate calls to Intelrayscale Endoscopic Video FrameBrimarily, the color
Performance Library functions [71], which provides optimurvideo frames were transformed to eight-bit intensity maps
performance for Intel Pentium processors. and the optimal window size for the detection of polyps was
investigated. Each frame is raster scanned by a sliding window,
with a step of eight pixels in order to ensure detailed scanning
since the regions that possibly contain lesions are expected to

The experimental procedure generated a large volume of fgrsmall. A three-level wavelet frame transform was applied on
sults that can be classified into the following five categories: each window. The size of the cooccurrence matrix was set at

1) Benefits of the second-order statistics on the wavelet d&4 x 64, since the classification performance does not improve

B. Experiments

main of grayscale endoscopic video frames. significantly for larger sizes. According to the second-order
2) Comparison of the second-order CWC features with coletatistics on the wavelet domain methodology and (2)—(7), the
correlation signatures. total number of the gray level features used is 72 (six cooccur-

3) Determination of the most suitable color space transence measures 3 wavelet bands 4 directions). This feature
formation, which enhances the textural properties skt was analyzed by using Pearson correlational analysis [79],
the colonic mucosal surface and increases detectisnich can be used as a classifier-independent feature selection
accuracy. method, by discarding the features with absolute correlation

4) Selection of the least correlated second-order CWC feaxceeding a given threshold [80]. The analysis showed that
tures for the tumor detection problem. contrast (6) and dissimilarity were highly correlated to the
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inverse difference moment (4) exceeding 90% in all wavele
bands. Similarly, high correlation exceeding 85% was alsc
observed between contrast and entropy. The features (2)—(
were selected as the least correlated in all wavelet band
having a correlation less than 71% on average. The resulte% '
feature set consists of a total of 48 features (four cooccurrenc ¢ e
measures 3 wavelet bands 4 directions).

Different window sizes, including 32 32, 64x 64, 96x 96,
and 128x 128, were tested to determine which one provides tht
lowest mean classification error rate (MCE), estimated on thi 75 )
whole population of the available video frames. The resultec CWE
MCE for the various window sizes, is illustrated in Fig. 3. MCEs
are depicted on the vertical and the window sizes on the hafig. 5. Comparative results between CWC and correlation signatures.
zontal axis respectively. The error bars correspond to the un-
certainty estimated in terms of standard deviation. The lowdates and the color correlation signatures. The specificity and
average MCE and uncertainty.65 + 0.7%) correspond to a the sensitivity achieved using the CWC features rea®8ett
window size of 128« 128, which is the one chosen for the ex0.4% and89 + 1%, respectively, while the color correlation sig-
perimentation. The smaller the window size set, the higher thatures led to 85 & 2% specificity and a3 + 2% sensitivity.
MCE and the uncertainty achieved. This indicates that a largbe higher average classification performance of the CWC fea-
population of pixels is required to characterize tumor regiorigres and the nonoverlapping uncertainty estimates, show that
using second-order statistical features on the wavelet domaWC features are more appropriate for the characterization of
Such result can be justified if we consider the tumor dimensiotige tumor regions.
within the given images, which in most cases reach or exceedlhese results also show that tR&/ B CWC features provide
128x 128 pixels. improved results compared to the grayscale wavelet domain fea-

The proposed approach was also tested by omitting thees (Fig. 4) in terms of sensitivity. Thus, we expect that color
wavelet transform. The second-order statistical features (2)—¢®ntribute to additional information for tumor detection.
were calculated directly from the intensity values of the corre- 3) Optimal Color Space for CWC Textural FeatureShe
sponding windows, and the average classification performarzmdor video frame sequences were transformed into different
was estimated7 + 1% and78 + 2% in terms of specificity color spaces in order to determine the transformation con-
and sensitivity, respectively. As it is illustrated in Fig. 4, théributing to the highest classification performance. These
introduction of wavelets increases significantly both specificitsesults are illustrated in Fig. 6.

(white column) and sensitivity (gray column) 8.3 + 0.3% The specificity is high in all cases and the small perturbations
and87.5 £+ 0.8%, respectively. that are present fall within the uncertainty range. The variations

2) Second-Order CWC Features Versus Color Correlatioof sensitivity are significant, which means that in this case
Signatures: We compare the proposed second-order CWC fegensitivity should be the selection criterion of the optimal color
tures with the corresponding correlation signatures proposeddpace for the discrimination of colorectal polyps and healthy
Van de Wouwer [16], on th&G B color space. The latter fea-tissue. In the following specificity and sensitivity estimates are
ture extraction scheme uses the correlation of the wavelet cagifren in parentheses in the form of (specificity, sensitivity) for
ficients of the different color bands, while our method involvesach case. NormalizeRG B, rgb (98.6 + 0.3,78.5 + 0.8%)
covariance of textural features on the color wavelet domain. Thed zyY (99.0 + 0.4%,86 + 1), resulted the lowest
comparison was held by using the complete set of frames. FigoSerall sensitivity. HSV (98.9 + 0.5%,91.5 + 0.8%),
illustrates the results of the comparison between the CWC féd-S (99.2 £ 0.4%, 90.6 &+ 0.7%) and the perceptually uniform

—
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[}

Correlation
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TABLE I
HIGHLY CORRELATED CWC FEATURES THE NOTATION IS ACCORDING TO(13) =
0O Specificity
CWC Features Correlation (%) O Sensitivity
Correlated Pairs 100 E —E ___I_ =] T
CWCy (2,2) CWCy (2, 3) 95-96.5 T T
CWCy (3, 3) cwey (1, 2) 95-96.5 2 _{» i3 '
CWCy (2,2) CWCS'(1, 1) 90-95 80 4— - - -
Cwey (2,2) CWC5'(1,2) 90-95 =
CWC{ (3,3) CWCH(1,2) 80-90 70 §— —
CWC,(2,2) cwei (1, 1) 80-90 3
CWC{(2,2) CWCl (2, 3) 80-90 60 N
CWCy (1, 1) CwWCi(2,3) 80-90 50 3 , . .
cwey'3,3) CWC/(1,2) 80-90 - ‘
cwel (2, 2) cwel (1, 1) 80-90 1 R ©)
CWCl(2,2) eyl 2, 3) 80-90 Number of Training Frames
CWCZ’ 2,2) CWCz’(l, 2) 80-90 Fig. 8. Effect of the training set to the Generalization performance of the

proposed method.

For different correlation thresholds, namely 95%, 90%,
85%, and 80%, discarding the variance features that exceed the
threshold, we considered the different feature spaces of different
99.3 + 0.3% specificity and93.6 + 0.8% sensitivity, which dl_menS|0ns produced. The_ _cl_assmcatlon results |IIustrated_|n

aﬁ& 7 show that the sensitivity decreases as the correlation

means that its inherent characteristics enhance the covari ! hold falls bel 90%. Di di I . feat
of the textural properties of the colonic mucosal surfaigres old 1alls below 0. Discarding all variance leatures

between color bands. It should be noted at this point that t éads to approximately 3% reduction of sensitivity, which

achieved rates in specificity and sensitivity have been judgn tar?s ltih}att)lth(?r;t]ex;ur?l t;‘nf:):hmatm: ?t?\:;:a'nteg 0'; varlr?nlc?is r:S
as significantly compared with the literature. ot heglgibie. 1he fact that e sensitivity & o corretatio

4) Selection of Least Correlated Second-Order Cw@frfesr;old falllso\(/)v;hln thel L{(pce:’;}alnt}r/] ri':(ljnge of thetC(:rr]n leter:e fS.Ett
Features for Tumor DetectionHighly correlated features o' €2 ures ( o correlation thresho ), suggests that the Tirs
fﬁ)ur features (Table Il) can be omitted, leading to the reduction

often lead to the degradation of the overall classificatiofth foat di 'on by nine feat thout
performance. It is also worth noting that our major aim is t € tealure space dimension by nine features, without any
?ful implication in the resulted overall sensitivity.

rmin ff res th r rabl o . o
dete € a set of features that produces separable subsp 8& Indicative Experiment on the Generalization Performance

and (.j(.) not select the_ Opt'mal feature SUbS?t for the Curreor?tthe Proposed MethodologyErom each of the video frame
classifier. In order to investigate the correlation between t %quences a set of frames was selected to train/test the linear
features of theK_-L cwe fe_ature set, we .have performe lassifier and have an additional estimation of its generaliza-
Pearson correlational analysis. The application of correlatio n performance. Three tests were performed using a different

analysis showed that the maximum correlation reached 96.%\fnper of frames for training and evaluation. The test results,

between the inverse difference moment CWC features listed;i'erms of average specificity and sensitivity are presented in

Table Il in all wavelet bands. Furthermore the angular secoqu_ 8. The last category of this diagram corresponds to the con-
moment, entropy and correlation CWC features which are algg) case where a set of 20 frames was used for both training
listed in Table Il, are correlated by 80-90% in wavelet bangg testing.
I =4,5,6. This diagram shows that two training frames provide slightly
Since the left column of Table Il consists only of feature varietter generalization performanég (2% specificity and)0+
ances, it can be concluded that higher correlation is obsens$d sensitivity), because the average specificity and sensitivity
between variance and covariance features and not betweenaieehigher and the corresponding uncertainty ranges are shorter
different covariance features. than in training with one frame. Fig. 9, illustrates the recon-

CIE-Lab (99.0 &+ 0.4%, 90.8 + 1%) color spaces give higher
sensitivity than RGB(99.2 + 0.4%, 89 + 1%). The highest
overall accuracy was achieved using thiel. space, reaching
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The proposed methodology can be easily applied in clinical
routine. The hardware used for the experiments is a low-cost
920%  95.9% personal computer with standard configuration. By using such
equipment the time performance reaches 1.6 min per selected
color video, as the ones used in this work. The algorithm is
92.6%  88.6% fully parallelizable and thus it can be executed in parallel on
different image regions. The use of special hardware will dras-
tically speed-up the performance of the final system, by a factor
that depends on the number of processing elements (PES) in-
. volved. For example, a parallel architecture, which uses 100 of
92%  88.9% PEs, will accelerate the system by a factor of 100 times and the

1.6 min is estimated to be less than 20 ms. Such implementa-
u n tion could be used during the colonoscopy to increase the physi-
6:1% - 93.5% cian’s capability to detect polyps faster, and thus reduce the du-
_ I , _ __ration of the examination, which is rather uncomfortable for the
Fig. 9. Classification results for the five different colonoscopic videg ﬁltients. Our group today is working to the direction of the de-

sequences illustrated in Fig. 2. Average sensitivity and specificity over ead :
set is presented on the left of each row. velopment of such a high-performance embedded system.

o] 4%

1 2 3 4 5 6 Specificity Sensitivity
"

95.5% 91.0%

I O

structed video frame sequences that correspond to the repre- VI. CONCLUSION
sentative sample of frames of Fig. 2, as they were produce
by the classifier's output, by using the first two frames of eac
set for training and the rest four for testing. White areas col
respond to abnormal and black areas to normal regions of
mucosal surface.

qu have presented a novel methodology for the extraction
color image features that utilize the covariances of the
ond-order statistical measures calculated over the wavelet
rame transformation of different color bands. It has been
applied on the detection of colorectal polyps in colonoscopic
video frame sequences, and it has been found that the feature
V. DISCUSSION subspaces corresponding to normal and abnormal tissue are
'tgghly discriminant. Classification was performed using step-

The results in this paper showed that the use of CWC featu )
led to rather high specificity (14) and sensitivity (15) Value#ﬁ?oﬁlgvp\vif\lgdcf)hneclrjssigtz of the experimental study have led to

(99.3 + 0.3% and93.6 + 0.8%, respectively) estimated on the .
classified image regions. The validation of the results was ex- 1) The use of second-order statistical features on the wavelet
perts based since highly experienced physicians (see acknowl- domain results in higher classification accuracy in terms
edgment) reviewed the data in comparison with the histological _ ©f Specificity and sensitivity. o

findings. This gold standard allows us to know if the detected 2) The proposed CWC features perform significantly better
polyps are true polyps or not. Expert endoscopists have defined  than correlation signatures for tumor detection.

manually on the original video sequences all the image regions3) K-L was found to be the most suitable color space for
that correspond to polyps and normal tissue. This was done by the detection of colorectal polyps using CWC features,
creating artificial black and white images in which the two pos-  "esulting to @9.3 + 0.3% and93.6 + 0.8% specificity
sible classes are indicated. These images were used as refer- and sensitivity, respectively.

ence images for the evaluation procedure. Comparing the resulft) The majority of the proposed CWC features show low
of the classifier, which in our case is the discriminant analysis ~ correlation, as this has been reached according to the cor-
methodology with the characterization of the examined region __ 'élational analysis performed. y y

in the reference image we validated the sensitivity and speci-5) The reconstructed images using classifiers output verified
ficity values. It is worth noting at this point that the expertendo-  that the polyps were well located.

scopists did not utilize any preprocessed image data for reviewfuture extension of this work will be to determine a more
but they relied only on their reading experience and histolog)bust classification scheme. The overall system could be en-
ical findings. This evaluation procedure is commonly used ttanced under a classifier fusion scheme for the identification of
similar computer-aided systems for the detection of colorecgifferent types of colorectal polyps.

polyps [24].
The use of discrete wavelet frame transform contributed to a APPENDIX |
significant increase of the classification performance by a factor COLOR TRANSFORMATIONS[47], [59]

of 2.4% and 12.2% to the values of specificity and sensitivity.
The contribution of the color textural information involvedo‘
led to additional increase to the value of sensitivity without

. RGB to rgb (Normalized RGB)

sacrificing the specificity measure. This increase estimated in R G

a percentage of 7.8% compared to the results obtained using N L Al : S =
grayscale images. Comparing different color spaces for the de- E+ g +B E+G+B
tection of tumors we have shown thigt L. color space resulted b= R+ C+B

to the best classification performance with an increase of 5.9%
in sensitivity compared to the RGB space. wherer + g+ b = 1.
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B. RGB to K-L G. RGB to HLS
The normalized RGB values (Step 1) and hue (Step 4) are
K, 0.333 0.333 R calculated in the same way as in the RGB to HSV conversion
Ky, | = | 0.500 —0.500 G algorithm. Lightness and saturation are calculated as follows.
K3 —0.500 —0.500 B 1)  LightnessL € [0,1]

whereK, K-, andK3 the coordinates of th& - L color space.

L=(M+m)/2.
4)  SaturationS € [0,1]
if (M =m)thenS =0andH = 180
if (I <=0.5)thenS = (M —m)/(M + m)
if (I >0.5)thenS = (M —m)/(2— M —m).

ACKNOWLEDGMENT

C. RGB toXY Z
X 0.412 0.357 0.180 R
Y | = 0.212 0.715 0.072 G
Z 0.019 0.119 0.950 B
D. RGB tozyY

r=X/(X+Y +2),

y=Y/(X+Y + 2).

The authors would like to thank Dr. M. O. Schurr, MD, Sec-
tion for Minimal Invasive Surgery, University of Tubingen, Ger-
many, for the provision of a part of the endoscopic videos used
in our study and his contribution to the evaluation of the results.

E. RGB to CIE-Lab

If (Y/Y, > 0.008856) thenL = 116 (Y/Y,)*/? — 16
elseL = 903.3(Y/Y,,)

a = 500(f(X/Xn) = f(Y/Yn))

b=200(f(Y/Yn) — f(Z/Zy))

If (t > 0.008856) thenf(t) = t'/*

elsef(t) = 7.787t + 16/116

5
whereX,,,Y,,, Z, correspond to the coordinates of a reference [

white as defined by CIE standard illuminab¥; and are ob-
tained by setting? = G = B = 100 in RGB to XY Z trans-
formation, andt € {X/X,,,Y/Y,.,Z/Z,}.
F. RGB to HSV
1) RGB coordinates are normalized to [0, 1]
M = max(R,G, B)
m = min(R, G, B)
(M - R)/(M —m)
9= M -G)/(M—m)
b= (M- B)/(M —m).
2) ValueV € [0,1]
V = max(R, G, B).
3) SaturationS € [0, 180]
if (M =0)thenS =0andH = 180
if (M #0)thenS = (M —m)/M.
4) HueH € [0,360]
if (R= M)thenH =60 (b— g)
if (G=M)thenH =60 (2+7r—0b)
if (B=M)thenH =60x(4+g—r)
if (
if (

r

= 360) thenH = H — 360

H >
H < 0)thenH = H + 360.
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