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ABSTRACT

This work is motivated by the need for visual information
management in the growing field of digital libraries and by
the increasing information retrieval demands in the domains
of medical imaging and telemedicine. We focus on a large
database of digitized 35mm slides of the uterine cervix col-
lected by the National Cancer Institute (NCI), National In-
stitutes of Health (NIH), to study the evolution of lesions
related to cervical cancer. As a first step towards this goal
we focus on the problem of intelligently labeling (segment-
ing) regions of medical interest within the cervigram image.
In this paper we use statistical tools for the segmentation of
three tissue types of interest.

1. INTRODUCTION

Cervical cancer is the second most common cancer affect-
ing women worldwide and the most common in developing
countries. Although treatable and diagnosable, the available
treetment can be complex and expensive in resource-poor
regions. An alternative method of cervical cancer screen-
ing, termed cervicography, uses visual testing based on the
color change of cervix tissues when exposed to acetic acid.
This inexpensive method helps to detect abnormal cells that
turn white (Aceto-White) after the application of the acetic
acid [1]. The National Cancer Institute (NCI) has collected
a vast amount of biomedical information related to the oc-
currence and evolution of uterine cervical cancer in a lon-
gitudinal multi-year study carried out in Guanacaste, Costa
Rica. The data collected includes among other medical de-
tails, 60,000 cervicographic images (“Cervigrams”), as well
as medical classifications for the Cervigrams into diagnos-
tic categories. A major long-term objective is to develop a
unique Web-based database of the digitized cervix images
that will provide data for cervical cancer investigation.

This work is part of an on-going effort towards the cre-
ation of a content-based image retrieval (CBIR) system for
the cervicographic images. Visual-based (i.e. content-based)
indexing and retrieval based on the information contained
in medical images is a newly emerging field that is expected
to have a great impact on medical image databases. The
challenge for vision researchers and engineers is to develop

tools for analyzing the content of images and to represent it
in a way that can be efficiently searched and compared. The
unique characteristics of medical images hinder the direct
adaptation of content-based retrieval approaches, which are
already in use for unstructured collections of images. A few
systems have been recently introduced for medical image
retrieval. These include text-based systems [2] and content-
based systems like: the Automatic Search and Selection En-
gine with Retrieval Tools (ASSERT) and the Image Man-
agement Environment (IME) for high resolution CTs of the
lung [3],[4].

In our research we seek to index the cervigram images
with descriptors (parameters) derived from the image data
in an automated fashion. We look for specific biomedical
descriptors of high interest to the NCI research. In particu-
lar we focus on the the following tissue types: The original
squamous epithelium (SE), which is a featureless, smooth,
pink epithelium; The columnar epithelium (CE) that ex-
tends between the endometrium and the squamous epithe-
lium, and appears red and irregular; and the acetowhite (AW)
region which is a transient, white-appearing epithelium fol-
lowing the application of acetic acid. Areas of acetowhiten-
ing correlate with higher nuclear density and are of clinical
significance. A set of parameters can be extracted for each
tissue; for example, for the AW tissue parameters can in-
clude the total area of the AW lesions in the image relative
to the total image area, as well as a measure or measures of
the color characteristics of the AW lesions. Such parame-
ters would allow a user to retrieve images by size and color
of the AW lesions.

In this paper we describe initial efforts for cervigram
segmentation from which the regions of interest related with
the desired tissues can be extracted, indexed and used by the
CBIR system. The desired segmentation results are exem-
plified in Figure 1. A small number of works can be found
in the domain of cervix image segmentation. Most of the
works require the user to define regions of interest (ROI) on
various cervix tissues [5], [6], [7]. Features such as color
[6] and texture [7] are then extracted automatically. Man-
ual lesion segmentation enables the extraction of geometric
features as well [5]. Based on these features the different re-
gions are classified to different cervix tissue types using var-



ious classifiers, such as neural networks [5] or the minimum
distance classifier [7]. In a more recent work segmentation
is performed based on the local frequency content within
the image [8].

Fig. 1. Example for regions of interest in a cervigram: SE,
CE and AW.

2. CERVIGRAM SEGMENTATION

We suggest a multi-stage segmentation process: Image pre-
processing is first utilized to eliminate specular reflections.
These reflections tend to interfere with the tissue segmen-
tation task (section 2.1). Next, textured regions that are
mostly related with the CE tissue are separated from the
smooth regions of the AW and SE tissues based on a texture
contrast feature (section 2.2). The smooth regions are then
modeled as a mixture of Gaussians in a color feature space
using a recently proposed continuous image representation
[9]. Following the model generation, probabilistic image
segmentation is enabled (section 2.3).

2.1. Preprocessing - Identification of specular reflections

Specular Reflections (SR), or highlights, are generated in
every cervigram as a consequence of the image acquisi-
tion process (see Figures 1 and 2). They appear as small
and very bright saturated regions in various parts of the im-
age. Modeling of the SR regions is a difficult task. Pixels
of SR are identified as other tissue types, such as AW re-
gions. the indexing process is thus hindered. For example,
an image that doesn’t contain AW regions may be incor-
rectly labelled as one which contains AW. In order to over-
come this problem, the specular reflections are removed in
a pre-processing step, before the tissue modeling process.

Pixels with SR have very high intensity (V ) and low
saturation (S) values [10]. Regions of SR appear as small
bright spots, and usually cause large gradients around them.
We locate regions with high gradients, high intensity and
low saturation as our regions of interest in the SR detection
phase. We model the distribution of the pixels within these
regions as a mixture of Gaussians in an S−V feature space

and classify them into SR and non-SR pixels using a proba-
bilistic segmentation procedure, as described in section 2.3.

Figure 2 shows results of SR detection. On the left is
the original image. On the right the SR regions are masked
out by the algorithm and marked as black regions.

(a) (b)

Fig. 2. Examples of specularities masking: (a) Original
cervigram; (b) Masking out the specular reflections (marked
in black).

2.2. Texture Segmentation

The columnar epithelium (CE) appears as a coarse and tex-
tured region, which contains a mixture of all the colors in
the cervigram image. The rest of the image is relatively
smooth and non-textured. Texture features are thus used for
the segmentation of the CE region (using color features for
this task would result with over-segmentation of the CE re-
gion).

The texture features used describe both the underlying
texture parameters and the adequate texture scale [11]. The
scale is defined as the width of the Gaussian window within
which gradient vectors of the image are pooled. The second
moment matrix for the vectors within this window, com-
puted about each pixel in the image, can be approximated
using Equation 1:

Mσ(x, y) = Gσ(x, y) ∗ (∇I)(∇I)T (1)

where Gσ is a separable binomial approximation to a Gaus-
sian smoothing kernel with variance σ2, and (∇I) is the
gradient of the image intensity. Two texture descriptors are
extracted for each pixel: polarity and texture contrast. Po-
larity is a measure of the extent to which the gradient vectors
in a certain neighborhood all point in the same direction, as
defined in Equation 2:

pσ =
|E+ − E

−
|

E+ + E
−

(2)

where σ is the scale. The definitions of E+ and E
−

are:
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−
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where [·]+ and [·]+ are the rectified positive and negative
parts of their argument and n̂ is a unit vector perpendicular
to φ (the direction of principal eigenvector of the second
moment matrix, as defined in Equation 1). This feature is
used later for the selection of an appropriate texture scale for
each pixel in the image. The contrast relates to the energy
of the gradients in the vicinity of each pixel as given by
Equation 4, where λ1 and λ2 are eigenvalues of Mσ ( λ1 ≥
λ2 ) at each location:

contrast = 2
√

λ1 + λ2 (4)

The process of selecting an appropriate scale is based on
the derivative of the polarity with respect to the scale. For
each pixel (x, y) the scale is selected as the first value for
which the difference between values of polarity at succes-
sive scales is less then 2%.

At the end of the texture features extraction phase, each
pixel is associated with a contrast feature of the appropri-
ate scale. Using a hard threshold on the contrast feature
value we separate between textured and non-textured pixels,
thus segmenting the image into textured and non-textured
regions. The textured regions are then masked out and la-
belled as CE regions.

2.3. Statistical modeling and segmentation of smooth re-
gions

Statistical modeling and segmentation, based on color fea-
tures, is performed on the non-textured regions of the cervi-
gram. During the segmentation process each pixel within
the smooth regions is represented with a three-dimensional
color descriptor in the Lab color space which was shown
to be approximately perceptually uniform [9]. Pixels are
grouped into homogeneous regions by grouping the feature
vectors in the selected three-dimensional feature space. The
underlying assumption is that the smooth region colors are
generated by a mixture of Gaussians. Each homogeneous
region in the image plane is thus represented by a Gaussian
distribution, and the set of regions in the image is repre-
sented by a Gaussian mixture model.

The distribution of a d-dimensional random variable is
a mixture of k Gaussians if its density function is :

f(y) =

k
∑

j=1

αj

1
√

(2π)d|Σj |
exp{−

1

2
(x−µj)

T Σ−1

j (x−µj)}, (5)

where d is the feature space dimension, αj are the probabil-
ities of the occurrence of each Gaussian, and µj , Σj are the
mean and the covariance matrix of each Gaussian cluster re-
spectively. The Expectation-Maximization (EM) algorithm
[9], is used to determine the maximum likelihood parame-
ters of a mixture of Gaussians in the selected feature space.
In our case, d = 3, and the learned mixture is composed of
two Gaussians, one representing the SE tissue and the other
representing the AW tissue.

An immediate transition is possible between GMM rep-
resentation and probabilistic tissue segmentation. Each pixel
of the original image is represented by the three-dimensional
color feature vector x. The labelling of a pixel related to
the feature vector x is chosen as the maximum a posteriori
probability:

label(x) = arg max
j

αjf(x| µj ,Σj) j = 2 (6)

i.e. each pixel gets affiliated with the most probable Gaus-
sian cluster in the learned GMM. Following this segmen-
tation step pixels belonging to the smooth (non-textured)
regions are classified into AW and SE regions as desired.

3. RESULTS

Unsupervised image segmentation using the described pro-
cedure was performed on cervigram images. Figure 3 shows
a segmentation example. The original image is shown in
Figure 3(a). Segmentation results are shown in Figure 3(b).
The colors used in the segmentation map are synthetic. From
lighter to darker colors they represent the AW, SE and CE
tissues. Figure 3(c) displays the AW regions marked on the
original image. In this result the specularities were replaced
with the average color of their neighborhood. A good sepa-
ration between the three tissues of interest can be seen. Most
of the AW regions were detected correctly. Some small re-
gions on the outer parts of the image were misclassified as
CE regions. These regions can be correctly re-classified in
a post-processing step, where we can incorporate high level
knowledge on the cervigram layout.

4. DISCUSSION

In this work we present initial segmentation results for cervi-
grams using GMM modeling and probabilistic image seg-
mentation. In particular we focus on three tissue types: the
squamous epithelium (SE), the columnar epithelium (CE)
and the acetowhite lesions (AW). The AW regions are of
particular interest since estimates of their size are of clin-
ical significance. The results, although preliminary, look
promising for the differentiation of the three examined tis-
sue types. We are currently working on combining the seg-



(a)

(b) (c)

Fig. 3. Segmentation example: (a) Original image; (b)
Segmentation map; (c) Aceto-White regions marked on the
original image.

mentation steps of removing specular reflections, and mod-
eling in color and texture space, using advanced segmen-
tation schemes. Future work entails the incorporation of
additional features to the tissue representation. The evalu-
ation of the segmentation results by medical experts is still
required. A long term task includes using the segmentation
results for indexing of cervigrams, and AW regions in par-
ticular, as a part of a complete cervigram CBIR system.
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