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ABSTRACT

In this paper, we propose a new method for autadndégection and segmentation of different tisspesyin digitized
uterine cervix images using mean-shift clusterind support vector machines (SVM) classificatiorctuster features.
We specifically target the segmentation of precesuelesions in a NCI/NLM archive of 60,000 ceraigns. Due to
large variations in image appearance in the ar¢loimier and texture features of a tissue type miomge often overlap
with that of a different tissue type in another g@aThis makes reliable tissue segmentation imgelaumber of images
a very challenging problem. In this paper, we psgpthe use of powerful machine learning technigues as Support
Vector Machines (SVM) to learn, from a databasd\gitound truth annotations, critical visual signattcorrelate with
important tissue types and to use the learnedifitador tissue segmentation in unseen imagesumexperiments,
SVM performs better than un-supervised methods asdhaussian Mixture clustering, but it does nateseery well to
large training sets and does not always guarantpeoived performance given more training data. Taresb this
problem, we combine SVM and clustering so thatftfaures we extracted for classification are fesgwf clusters
returned by the mean-shift clustering algorithmnfpared to classification using individual pixeltig=s, classification
by cluster features greatly reduces the dimenstyrafithe problem, thus it is more efficient whipggoducing results
with comparable accuracy.

Keywords: Image segmentation, color space, support vectohimes, clustering, features, tissue classificatiesipn
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1. INTRODUCTION

To make images searchable by content in large rakdichives, it is very important to reliably segrmand label
different tissue regions, especially biomarker@agi We consider the automated segmentation problemery large
archive of 60,000 digitized uterine cervix image®ated by the National Library of Medicine (NLM)dathe National
Cancer Institute (NCI). These images are opticaligeam images acquired by Cervicography using igigadesigned
cameras for visual screening of the cervix, ang there collected from the NCI Guanacaste projecttfe study of
visual features correlated to the development ef@ncerous lesions. The most important observatiarcervigram
image is the Acetowhite (AW) region, which is calibg whitening of potentially malignant regionstbé cervix
epithelium, following application of acetic acidttee cervix surface.

The cervigram images in the archive have largeatians in their appearance due to illumination atiohs,
artifacts in image acquisition, and intrinsic difaces in image content. Existing methods for geavn image analysis
(1231 consist of sequential steps of image processioly a8 pre-processing to remove specular reflecsiegmenting



Figure 1. AW vs. Non-AW Cervix color sample distributionslitia*b* space. (a) samples from one image. (b)
samples from two images. (¢) samples from threg@sa(d) samples from six images. (red) AW color
samples. (blue) Cervix color samples.

cervix boundary, detection of OS, detection of ouhar epithelium, thresholding, and mosaic texturaysis. These
methods achieved good results on cervix area deteand on filling in specular regions, but thefpenance on
segmentation of important tissue regions such emahite and columnar epithelium needs improventemthermore,
due to large variations in image appearance, @idrtexture features of a tissue type in one inadige overlap with
that of a different tissue type in another imageisTnakes reliable segmentation in a large numbienages a very
challenging problem.

A popular color-based tissue segmentation methotb iapply clustering techniques such as K-medns
Gaussian Mixture Modef& and Mean-shif, to directly model the posterior probabilitie&|e) wheree represents an
evidence vector that describes image features fixgl color), andc = 1, ...,Cis one of theC tissue classes. One
challenge facing clustering methods in large-ssalgmentation is that color distribution of oneusglass from many
images can have many modes and overlap significamith color distributions of other tissue classésgure 1
demonstrates this problem by displaying Acetowlit®V/) and cervix (non-AW) color samples from 1, 2,d&hd 6
images. Note that, as the number of images incseétse AW and cervix samples increasingly overla wach other.
It is therefore difficult to predict the class oftest color sample without a high probability ofogrgiven assumptions
about the color distributions of the tissue classda addition, not every tissue type is alwaysspre in every image,
hence there will lack reliable ways to automaticaltt clustering parameters such as the numbdustecs in K-means
and GMM, and the size of the bandwidth in Meantshif

In this paper, we propose a database-guided segtimmtparadigm in which we apply machine learning
techniques, such as support vector machines (S¥N8arn, from a database with ground truth annmtatprovided by
experts, critical visual signs that correlate withportant tissue types and to use the learned ifias$or tissue
segmentation in unseen images. The support vecashimes (SVM) classifief" ® has been successfully applied to
detecting Microcalcifications in Mammogrartisand various other medical classification problelmghis paper we use
SVM to perform color-based tissue classificatioroider to segment different tissue regions, espedia segment the
biomarker acetowhite (AW) region from the rest bé tcervix. The segmentation performance is op#rhiith
respect to the feature color space and granulaffy.evaluated color spaces including RGB, HSV, bratb*. On
different granularity of the features, we train Adfid other tissue classifiers, first using individpxel sample colors
and then using cluster features returned by thenMBHift based clustering algorithfl. Cluster features greatly
reduce the dimensionality of training so that SV#/1scalable to larger training sets, while produdiagults with
comparable accuracy. Given a novel test imageMean Shift clustering algorithm partitions the imsagto clusters of
similar color and/or texture, and the trained SVistssifier (on cluster features of training dataqyiplied to classifying
clusters in the test image. This ground-truth lbia¢e guided segmentation method is flexible in $esfrthe number of
tissue classes. Thus we can perform either twd-ighg. AW vs. Non-AW cervix), or multi-label (e.W, CE, SE,
other) classification.



2. METHODOLOGY

For training and testing purposes, we have accegsound truth boundary markings on 939 cervigrarages from the
NCI/NLM archive. The ground truth markings are eotkd using a web-based Boundary Marking Tool dpes by
NLM and NCI'.. There were 20 expert evaluators who used thettomianually outline AW and Cervix boundaries in
the 939 cervigrams. Some cervigrams have boundaniestated by multiple experts; in this case, waloanly choose
one as the ground truth although mechanisms fombatny multiple-expert annotations are availaBleFig. 1 shows
some example cervigram images with expert annaistio

Figure 2. Example cervigram images with boundary markingexyerts. The blue outlines AW regions and
the yellow outlines cervix boundary.

Figure 3. Distribution of pixel color samples in RGB (lefthd L*a*b* (right) color spaces.

2.1. Color Features

Color and texture are two most prominent featumstiSsue classification in digital cervigrams. this paper, we
investigate the color features in different colpaces and at different granularities.

Choices of color spaces include the RGB, HSV, Ct&*h*, and others. Our experiments show that lumte
(or intensity) is an important feature in discrieiimg between tissue classes, thus HSV and L*atb*pmeferred color
spaces. Because of the quantization discontimuitiye hue dimension (e.g. 255 and 0 hue valuebattevery close to
red) in the HSV color space however, for segmemtatve choose to use pixel colors in the CIE L*a*gjace.
Distribution of color samples in the L*a*b* spacedlso better for clustering and classificaffbras shown in Fig. 2.



Figure 4. AW segmentation examples. Test image (top reagmented AW regions (bottom row)

SamplesPerimage Memory
* # of Images Training Time Usage
200*10 67 sec 16MB
200*20 18 mins 53MB
200*30 1 hour 34 mins 103MB
200*55 20 hours 20mins 362MB

Table 1. SVM training time and memory usage given trairsets of different sizes.

2.2. Pixel sample features vs. Cluster features
2.2.1 Pixel color features for training and clagsittion

A two-class pixel-wise color classifier is trained selecting Acetowhite (AW) pixel colors in the rked ground truth
AW areas as positive samples, and selecting Cénair-AW) pixel colors as negative samples. 55 iesagre used for
training and 120 images for testing. A confidenated SVM classifier with a linear kerddlis trained to differentiate
AW from non-AW pixel colors. Given a test imageg ttlassifier is applied directly to image pixelsdaall pixels

having the confidence rate above zero are considesart of the AW region. Using false positivacfion (FPF) and
false negative fraction (FNF) for quantitative exadlon, the pixel-wise classifier achieved an ageraf 23% FPF and
9% FNF. Some examples of AW segmentation usingitted-wise classifier are shown in Fig. 4.

2.2.2 Mean-shift clustering and using cluster cenfer training and classification

The SVM learning on pixel color features producesnmsing AW classification results as shown abaddewever,

before SVM learners can potentially become a smiufor tissue (especially biomarker tissue) segatent in large
medical image archives, we need to address thanggaioblem. We record in Table 1 the processingetand memory
usage given training sets of different sizes. Care see that, as the number of images and/or théewaf pixels from
each image for training increase, the SVM traininge and memory usage explode exponentially.

To solve this problem, we experiment with clusteregion features instead of individual pixel feati For
each training image, we first apply mean-shift ttisg based on L*a*b* color feature and spatiabmity © to group
pixels in the image into clusters. The label ofteelaster (AW or Cervix non-AW) is assigned autoicelty based on



Figure 5. Labeled primary cluster centers of a training image

S:::gle:f Preprocessing SVM Memor
Feature 9 (clustering) Training y
# of - . use
time Time
Images

Pixel | 50055 0 20 hours | s6o0B
color 20mins
Cluster

mean 30*55 36 mins <1 min 12MB
color

Table 2. Performance comparison: cluster centers as miguthata vs. pixel colors as training data

expert boundary markings. The cluster center, whidérs to the mean color of all pixels in the tdusis then taken as
the training sample. Fig. 5 shows labeled clustenters for different tissues in one training imagéJsing
approximately 30 cluster centers (from 15 large®{ Alusters and 15 largest Cervix clusters) per indhe training
time and memory cost are significantly reduced (@a&).

Given a test image, it is first partitioned intaisters using mean shift. Then the SVM classiiarhed on
cluster centers is applied to classifying eachtelus the test image (using the cluster centetufedq to either AW or
Cervix. In our experiments, the segmentation amoyuion AW using cluster-based classification is parable to that
using pixel-based classification, while clusterssification is much more efficient and requireslegemory (see Tables
1 and 2).

2.3. Multiple-label Classification

Instead of two classes (AW vs. cervix), we perfonoiti-label classification to segment simultanegisveral
significant tissue regions in cervigrams includihg Acetowhite (AW), Columnar Epithelium (CE) anguamous
Epithelium (SE). The multi-label classifier is taad based on the “one-against-one” appré4th First, k*(k-1)/2
classifiers are trained, each using data from tifferént classes. In a voting strategy, each birdagsification by a
two-class classifier is considered to be a votilgre votes can be cast for all data points. Iretite a data point is



Figure 6. Test result for multiple tissues by using RBF ledsnof SVM.
First is the original image; second is AW; thirdJE.

Figure 7. Using different kernels of SVM for two-label (AWsv cervix)
classification. Original image (upper left), AW Hbinear kernel (upper
right), AW by polynomial with d=3 (lower left), RBkernel (lower right).

labeled to be in the class with maximum numberatés. One example output of segmented AW and Cianegs
shown in Fig. 6.

2.4. Kernel function selection of SVM

We consider several kernel function selectionghersupport vector machines classifiers.

Linear: K(Xi,Xj):XiTXj.
Polynomial: K(x;,X;) = (&, %, +1),g>0.
Radial basis function (RBF) K(x;,x;) =exptgllx; - x; |[),g>0.

Sigmoid: K(x;,X;) = tanh@,"x; +T).



Our empirical studies show that SVM classificatisnsensitive to kernel selection, especially whe:n wge
cluster-center features because the number of sanfpt training is fewer. Fig. 7 shows an exampmendnstrating
result differences by different kernels. Using tduscenter features, our experiments show thatRB& kernel
outperforms others in two-label classification, lghihe linear kernel is the best in multi-labelssidication. Using
individual pixel color features, the segmentatiaauaacy on most tissues, such as AW, CE, and S&gnigparable by
different kernels on most test images.

3. CONCLUSIONS AND DISCUSSIONS

We introduce a database guided discriminative apgirdo segmenting tissue, especially biomarkeroadgte tissue,

regions in digitized uterine cervix images. Tra@ia support vector machine (SVM) classifier usihgsier center
features gives us better efficiency than usingyidldial pixel features due to the reduced dimendignahile producing

comparable accuracy. The method can be extendesegmenting other significant tissue regions in igeams

including the Columnar Epithelium (CE) and Squamdagithelium (SE) using multiple label classificatio
Comparing different kernel functions for the sugpg@rctor machines classifier, we find that, withister features, the
linear kernel is more suitable in multi-label cifisation while the Radial Basis Functions kerrebetter for two-label
classification.
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