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ABSTRACT

This work is motivated by the need for visual information extraction and management in the growing ﬁeld of
medical image archives. In particular the work focuses on a unique medical repository of digital cervicographic
images (“Cervigrams”) collected by the National Cancer Institute (NCI) in a longitudinal multi-year study
carried out in Guanacaste, Costa Rica. NCI together with the National Library of Medicine (NLM) is developing
a unique Web-based database of the digitized cervix images to study the evolution of lesions related to cervical
cancer. Such a database requires speciﬁc tools that can analyze the cervigram content and represent it in a
way that can be eﬃciently searched and compared. We present a multi-step scheme for segmenting and labeling
regions of medical and anatomical interest within the cervigram, utilizing statistical tools and adequate features.
The multi-step structure is motivated by the large diversity of the images within the database. The algorithm
identiﬁes the cervix region within the image. It than separates the cervix region into three main tissue types: the
columnar epithelium (CE), the squamous epithelium (SE), and the acetowhite (AW), which is visible for a short
time following the application of acetic acid. The algorithm is developed and tested on a subset of 120 cervigrams
that were manually labeled by NCI experts. Initial segmentation results are presented and evaluated.
Keywords: medical image analysis; cervical cancer; cervicography images; colposcopic image; content-based
indexing; image segmentation

1. INTRODUCTION
Cervical cancer, the second most common cancer aﬀecting women worldwide and the most common in developing
countries, can be cured in almost all patients, if detected by high quality repeated Pap screening, and treated.
However, cervical cancer incidence and mortality remain high in resource-poor regions, where high-quality Pap
screening programs often cannot be maintained because of inherent complexity and cost. An alternative method
of cervical cancer screening, termed cervicography, uses visual testing based on color change of cervix tissues when
exposed to acetic acid. This inexpensive method helps to detect abnormal cells that turn white (“acetowhite”)
following the application of acetic acid.1 When additional screening techniques are available, cervicography may
be used at the initial examination level, and patients with cervicographic indicators of concern are then referred
to colposcopic and/or Pap smear screening.
The National Cancer Institute has collected an extensive set of biomedical information related to the occurrence and evolution of uterine cervical cancer in a longitudinal multi-year study carried out in Guanacaste, Costa
Rica. The Guanacaste Project is an intensive, population-based cohort study of human papillomavirus (HPV)
infection and cervical neoplasia among 10,000 women in Guanacaste, where the rates of cervical cancer are
perennially high. State-of-the-art visual, microscopic, and molecular screening tests are being used to examine
the origins of cervical precancer/cancer and to explore which factors make a geographic region “high risk”. The
Guanacaste study has completed its ﬁeld phase after 7 years of follow-up, and now has changed into a variety
of subprojects based on collected specimens, visual images, and outcomes. Data collected included patient age,
sexual/reproductive history, laboratory test results, including Pap smear and cytology, and 60,000 cervicographic
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images in the form of 35 mm color slides, as well as medical classiﬁcations for the cervigrams into diagnostic
categories.2–4 Because of the similarity of cervicographic images to colposcopy, NCI and the American Society
for Colposcopy and Cervical Pathology (ASCCP) plan to use these images for the training and education of
colposcopic practitioners. A major long-term objective is to develop a unique Web-based database of digitized
cervix images for investigating the role of HPV in the evolution of cervical cancer and its intraepithelial precursor
lesions in women. The NCI/NLM cervigram database contains visual as well as textual data. Unless manually
labelled and annotated by a medical expert, the visual data is inaccessible using simple text-based searches.
Therefore, the capability to automatically extract this data is highly desirable.
This work is part of an ongoing eﬀort towards the creation of a content-based image retrieval (CBIR) system
for the cervicographic images. Content-based image retrieval seeks to extend text-based indexing in a powerful
way: to index the images with descriptors derived from the image data itself, in as automated fashion as possible.
Eﬀective visual information management, including image coding for eﬃcient communication or storage, or image
understanding for image database queries and retrieval, is a topic of great value and research interest.5–7 Contentbased indexing and retrieval based on the information contained in medical images is expected to have a great
impact on medical image databases.8
A few systems have been recently introduced for medical image retrieval. These include text-based systems9
as well as the following: ImageMatch of MD Online Inc., the National Medical Practice Knowledge Bank10
for neuroradiology in computed tomography (CT), the Automatic Search and Selection Engine with Retrieval
Tools (ASSERT), the Image Management Environment (IME) for high resolution CTs of the lung,11, 12 and
the Generic Multimedia Indexing (GEMINI) for mammography.13 More systems are presented in a recently
published review on medical CBIR systems.14 The current research is the ﬁrst attempt to create such a system
for cervicographic images.
Initial studies can be found on the analysis of individual cervigram images, or the higher-resolution colposcopic images. Most of these studies require the user to mark regions of interest on various cervix tissues.15–17
Features such as color,16 texture,17 and shape15 are then extracted automatically. Based on these features,
the diﬀerent regions are classiﬁed into diﬀerent cervix tissues using various classiﬁers, such as neural networks15
or the minimum distance classiﬁer.17 Several more recent works have started to address the task of automatic
segmentation of speciﬁc regions within the cervix. Van Raad18 performs segmentation of the Transformation
Zone (TZ), based on its local frequency content. King et al.19 perform segmentation of the cervix area within a
cervigram based on its color properties. The cervix boundary is then used for cervix registration. Gordon et al.20
introduce initial investigation of adequate feature-spaces for automatic cervigram segmentation. With respect
to a CBIR system: preliminary segmentation eﬀorts for the cervigrams within the NCI/NLM database were
recently introduced by Zimmerman et al.21 and by Srinivasan et al.22 Currently, no study exists that provides a
complete analysis of the cervigram images for the content-retrieval task.
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Figure 1. An example cervigram; marked are the cervix region, the diﬀerent tissues of interest: the columnar epithelium
(CE), the squamous epithelium (SE), the acetowhite (AW) and the specular reﬂection artifacts (SR).

Cervigrams contain complex and confusing lesion patterns, and their automatic analysis is a challenging task
(for an example cervigram see Figure 1). First, there is a need to cope with artifacts that are generated during
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the cervigram acquisition process (caused by the strong ﬂash that is used to achieve good illumination, and the
convex shape of the cervix). These artifacts include strong shading that cause an inhomogeneous appearance
within the tissues and specular reﬂections artifacts that interfere with the tissues segmentation. Second, a large
and complex variability is present within the NCI/NLM archive, and the system should be able to cope with it:
The image acquisition setup is not constant. The viewing angle varies strongly between the images; thus, the
cervix region diﬀers in intensity and shape across the images. In addition, the physical scene that is imaged has
intrinsic variability. For example, in diﬀerent patients the cervix is not the same size, and additional non-cervix
tissues or medical instruments may appear in the image. A third signiﬁcant diﬃculty is the variability of content
within the images. Not all cervix-tissue types are always present, and there is no prior knowledge regarding the
presence of acetowhite lesions. Finally, the narrow dynamic range of the colors, the lack of clear boundaries
between tissue regions, and the lack of other consistently recognizable landmarks within the images, generate
image-understanding challenges that require adequate computational analysis tools.

2. CERVIGRAM SEGMENTATION
The proposed segmentation scheme is an automatic multi-step process, where each step targets a speciﬁc region
within the cervigram (Figure 2). The algorithm uses unsupervised clustering via Gaussian Mixture Modeling
(GMM) in conjunction with feature sets that are most suitable for each step. A brief description of the various
steps is given in Sections 2.1-2.4.
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
1
exp{− (y − µj )T Σ−1
j (y − µj )},
2
(2π)d |Σj |

(1)

where d is the feature space dimension, αj are the probabilities of the occurrence of each Gaussian, and µj , Σj
are the mean and the covariance matrix of each Gaussian cluster respectively. The Expectation-Maximization
(EM) algorithm23 is used to determine the maximum likelihood parameters of a mixture of k Gaussians in the
selected feature space. An immediate transition is possible between GMM and probabilistic labelling of a feature
vector y, where each feature vector is assigned to the most probable Gaussian cluster in the learned GMM:
label(y) = arg max αj f (y| µj , Σj )
j

j = 1 . . . k.

(2)

Figure 2. Block diagram of the multi-step segmentation scheme.

2.1. AUTOMATIC EXTRACTION OF THE CERVIX REGION
The cervix region occupies about half of the cervigram image. Other parts of the image contain irrelevant
information, such as equipment, frames, text, and non-cervix tissues (Figure 1). This irrelevant information can
confuse the automatic identiﬁcation of the tissues within the cervix. The ﬁrst step is therefore focusing on the
cervical borders, so that we have a geometric bound on the relevant image area. The cervix region is a relatively
pink region located around the image center. Two features are utilized for its automatic extraction: the a color
channel of the Lab color space (the higher the value of a, the “redder” is the pixel’s color) and d - the distance
of a pixel from the image center. The a color channel is initially smoothed in order to eliminate small details.
A coarse Region-of-Interest (ROI) is automatically extracted based on the a − d feature space and Gaussian
mixture modeling. The cluster that has the lowest mean(d) and the highest mean(a) is identiﬁed as the ROI.
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When the resulting ROI consists of several disjoint areas in the image, the largest one is chosen, and the others
are ignored. The image is cropped to include the ROI region, and subsequent steps of the process are performed
within it, thus avoiding the confusing patterns and colors that occupy the rest of the image. An example for this
process is presented in Figure 3.

Figure 3. ROI identiﬁcation: Original cervigram (left); Smoothed a feature (center); ROI detected by the clustering
algorithm - marked by a white line (right).

2.2. IDENTIFICATION OF SPECULAR REFLECTIONS
Processing of many of the cervigrams is complicated by the presence of Specular Reﬂection (SR) artifacts. These
artifacts are small and bright regions on the cervix surface, which are generated during the image acquisition
process due to the presence of ﬂuids (Figure 1). The SR artifacts provide misleading “tissue” information and
interfere with the content analysis of the regions surrounding them. Their modeling and segmentation is diﬃcult,
since the number of pixels belonging to SR regions is small relative to the total number of pixels in the image.
In order to overcome these diﬃculties a two-stage process has been recently developed.24 In the ﬁrst step,
candidate SR regions are detected by imposing thresholds of high brightness, I, and low color saturation, S, on
the image.25 Following the thresholding process, the candidate SR mask is reﬁned by selecting only the pixels
in the vicinity of high gradients. Pixels within the candidate regions are next mapped into a two dimensional
S-V feature space, where S and V are Saturation and Value of the standard HSV color space. The extracted 2D
feature space is modeled as a mixture of two Gaussians. One represents the brightest, almost white pixels that
have lost most of their chromatic information. The other Gaussian represents the less bright pixels that retain
some of their original color. Pixels corresponding to the Gaussian with the highest mean intensity are selected
as the SR pixels and are removed from the image. Following the SR extraction phase, the generated “holes” are
ﬁlled to enable further analysis of the image content. A simple ﬁlling scheme that eliminates the strong gradients
associated with the SR, while preserving the original texture, is currently used. It is based on the observation
that the highlights formed on the moist surface of the cervix are very small. The color underneath the highlights
is assumed to be nearly constant and similar to the color of the pixels in the immediate surroundings. The color
of the surrounding pixels is thus propagated into the now-empty specular regions accordingly.

2.3. TEXTURE SEGMENTATION
The columnar epithelium (CE) appears as a coarse and textured region, with no speciﬁc texture pattern. The
rest of the image is relatively smooth and non-textured. A multi-scale texture-contrast feature is extracted for
its detection. This texture feature describes both the underlying texture parameters and the adequate texture
scale.26 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, computed about each pixel in the
image, can be approximated using:
Mσ (x, y) = Gσ (x, y) ∗ (∇I)(∇I)T ,

(3)

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

|E+ − E− |
,
E+ + E −

(4)

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



Gσ (x, y)[∇I · n̂]+ ,

x,y

E− =



Gσ (x, y)[∇I · n̂]− ,

(5)

x,y

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 3). 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 6, where λ1 and λ2 are
eigenvalues of Mσ ( λ1 ≥ λ2 )

contrast = 2 λ1 + λ2

(6)

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 successive scales is less then 2%.
At the end of the texture features extraction phase, each pixel is associated with a contrast feature of the
appropriate scale. GMM clustering is performed using this feature to obtain two clusters, thus separating between
the smooth and the textured regions within the image. This step is performed on the preprocessed cervix area
with ﬁlled-in SR regions.

2.4. SEGMENTATION OF SMOOTH REGIONS
Following the detection and extraction of the textured regions, only the smooth regions within the cervix remain.
These regions are modeled as a mixture of four Gaussians in the CIE − Lab color feature space. The cluster with
the highest mean intensity is identiﬁed as a candidate cluster to include the AW lesions. Initial results have been
recently published by Zimmerman et al.21 Additional examples are presented in Section 3. The current process
of AW detection is still at its very preliminary stages. It should be improved to support the large variability
of AW lesions within the database. Due to illumination eﬀects the AW and the SE tissues often possess very
similar colors, and AW lesions are wrongly detected. On the other hand AW lesions located in shaded areas of
the image are not detected at all.

3. RESULTS
Each step presented in this work is a signiﬁcant task in itself, and is therefore evaluated separately. Manual
segmentations are available for 120 images, and an initial performance evaluation has been carried out. Figures
4-7 show example results of the diﬀerent steps, along with the manual segmentations. The detection of ROI
is successful in 100% of the images, since it always includes the cervix and excludes most of the irrelevant
surroundings. The detection of the specularities was found highly satisfactory by medical experts in 90% of
the images.24 SR are eﬀectively removed, thus enabling an improved performance in subsequent stages. The
texture detection step eﬀectively separates the columnar epithelium (along with other textured areas). The AW
regions are detected but bright areas outside the cervix border are captured as well. Overall, the automated AW
segmentation achieved results that are close to the desired segmentation but generated some false positives.
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Figure 4. Examples for automatic detection of the cervix region within the cervigram (white contour)

(a)

(b)

(c)

Figure 5. Detection and elimination of specular reﬂections. (a) Original cervigrams, automatically cropped around the
cervix; (b) The detected specularities marked in black; (c) Filled-in images specularities eliminated.

Figure 6. Detection of CE region. Automatically detected regions - green. Manual detection - white.
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Figure 7. Detection of AW. Automatically detected regions - green. Manual detection contours - white. SR pixels black.

4. DISCUSSION
A limited number of studies, all in very preliminary stages, address the task of automated cervical image analysis.
The current work presents an automatic segmentation algorithm for cervigrams with a focus on three tissue types.
The squamous epithelium, the columnar epithelium, and the acetowhite lesions. The AW regions are of particular
interest since the detection and estimates of their size are of clinical signiﬁcance. The tasks of detection of the
cervix area, the columnar epithelium and the acetowhite regions, are very challenging due to the large diversity
of the cervigram images within the database, and the diﬀerent artifacts present in the cervigrams. Various
problems were addressed within the scope of this work that arise from the real world clinical environment,
the most important being the issue of specular reﬂections. This severe artifact was explicitly investigated
and successfully handled. The presented method for SR elimination was developed and optimized speciﬁcally
for cervigram images since the classical methods, that assume relatively smooth dielectric objects, were found
inappropriate. The results underwent initial validation by medical experts and were evaluated as satisfactory.
In this contribution we show the ability to detect regions of anatomical and medical interest (the cervix area,
CE, AW). Initial segmentation results are promising, and methodical validation by medical experts is currently
underway. These results provide a proof of concept for future content-based indexing and retrieval of cervigrams
in a Web-based data base. Future work includes further reﬁnement of the cervix region detection, shading
correction, using additional features for the CE and the AW detection and the incorporation of higher-level
knowledge in order to reduce occurrence of false positives.
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