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ABSTRACT 

Cervical Cancer is one of the ubiquitous forms of cancer afflicting the female population worldwide. A 

Colposcope is a self-illuminated microscope which acquires the image of the affected cervix and the image is known as a 

cervigram. The raw cervigram is preprocessed by removing the specular reflections and then the region of interest is 

sought. Before the image is made ready for implementing further image processing algorithms, our novel illumination 

correction and intensity normalization methods are applied. In the current paper we propose a novel method where we use 

the polynomial-type Newton’s divided difference interpolation for illumination correction. Based on our research findings, 
we conclude that the peak of the entire cervix region intensity distribution is strongly correlated with the peak of the SE 

region intensity distribution. 
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INTRODUCTION 
Uterine Cervical Cancer is one of the ubiquitous 

forms of cancer afflicting the female population 

worldwide. According to WHO [1], [2], every year in 

India alone there are 1 lakh 30 thousand women who are 

affected with cervical cancer. According to Chittaranjan 

National Cancer Research Institute’s Cancer Registry 
Program [3], [4], in the state of West Bengal alone, out of 

every 1000 women, aged between 30 years to 60 years 

old, 18 are affected by cervical cancer. The real numbers 

of affected cervical cancer patients are still unknown, as 

the state has in-adequate infrastructure. With lack of 

awareness and treatment, the deadly disease gets detected 

only in the Cancer Final Stage. Due to cervical cancer 

alone, 80,000 women dies every year in our Country 

[5],[6],[7],[8]. A Colposcope is a self-illuminated 

microscope which acquires the image of the affected 

cervix and the image is known as a cervigram. The raw 

cervigram is preprocessed by removing the specular 

reflections and then the region of interest is sought. Before 

the image is made ready for implementing further image 

processing algorithms, illumination correction methods 

and intensity normalization methods are applied. 

 

LITERATURE REVIEW 

The Region of Interest (ROI) extracted in the pre-

processing step is gross and often includes extended parts 

of the vaginal region [9],[10]. Numerous segmentation 

methods [11],[12] can be used to refine the detection 

quality of the cervix boundary. These include region-

growing and energy minimization functional. In region 

growing [13] a region is defined via propagation of similar 

neighboring pixels. A region-growing scenario in the 

cervix boundary detection task can be defined as spreading 

the region from a solo point located in the center of the 

initial ROI. The choice of acceptable features for the 

propagation is not a trivial task, as different images will 

require a different set of features in order to advance the 

region from the center of the cervix to its boundaries. The 

region-growing can be thrown to disorder by other tissues 

within the cervix [4],[2]. The boundaries procreated in this 

way cannot be restricted by any smoothing or shape 

continence [14]. 

Segmentation that combines edge and region 

information can be accomplished using an energy 

minimization technique via the active contour edifice. The 

edifice can be sub classified into snakes [15] and level set 

[16] methods, two different schemes to carry out the 

contour deformation process. A review and comparison 

between different energy functional was recently 

presented [17]. A main inference of the review, in which 

both methods were evaluated on a set of different medical 

images, was that the integration of forces from different 

energy functional may lead to better segmentation results. 

The main whip hand of such methods, as compared to 

region growing, is their ability to integrate local and global 

information and to account for both region and edge 

features, while preserving smoothness of the boundaries 

[18]. 

 

Our Proposed method 

In the current article energy minimization via 

active contours is used in order to refine the initial ROI so 

that it matches the actual cervix boundaries more closely. 

The main contribution of the current work is the energy 

functional used, that consists of forces and features 

adequate for the task of cervix boundary detection. Region 

edge, and prior shape information [19],[20] are all used for 

this objective.  We use the implicit implementation via 

level-sets. Implementation via the parametric snake 

mechanism may be possible a well. 

http://www.arpnjournals.com/
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In an active contour framework the image is 

considered as a function I : Ω →R+ where Ω ɛ R2 is the 
image domain . The segmentation problem is 

mathematically formulated as the search for a contour                

C : [0,L] →R2 in the image, which is optimal with respect 
to some pre-defined integral measure, E(C) , also called 

the energy functional. Formally, this problem is stated as: 

 C=arg minc E(C). 

In the current work the energy functional consists of two 

terms: a data term and a shape prior term: 
 

E(C) = Edata(C) + α Eshape(C) 
 

The data term is activated first and evolves the 

curve according to features derived from the input image. 

The shape term is added next and better aligns the contour 

to a predefined model of the cervix shape. The α 
parameter is a time dependent parameter that controls the 

activation sequence of the two terms. 

 

Our proposed Illumination Correction method 

A benchmark method for illumination correction 

[21],[22] is to estimate the illumination field as a single 

model derived from the lighting conditions and the shape 

of the object [13]. Lightning conditions can be computed 

from a training set of images with known intensity values 

under ordinary lighting [23]. Shading artifacts generated 

due to the three-dimensional shape of an object can be 

corrected using Lambert’s cosine law when lighting 

conditions are known [24]. Various other works iterate a 

per-image illumination correction, among them Retinex 

algorithm for image enhancement [28], [29], which 

provides a strong dynamic range compression and color 

consistency [30] and is based on the hypothesis that the 

illumination field is spatially smooth.  

In the current article, the illumination correction 

method is based on the assumption that the cervix content 

can be modeled by a mixture of Gaussians. A per-image 

illumination field correction is performed based on this 

assumption and iterations combining segmentation with 

illumination field estimation. The algorithm extant here is 

based on the expectation maximization algorithm (EM) 

[31] for bias correction in MR images of the brain. 

A description of the EM application to 

cervigrams is provided as follows: Cervigram tissues are 

described in the CIE- Lab color space. The illumination 

correction process is applied to the L channel which 

represents the intensity levels of each pixel and is the only 

channel influenced from illumination changes [13]. The 

adjacent channels a and b remain unaffected. The L 

channel is initially down-sampled, which debilitatingly 

improves the results while substantially reducing the 

running time. As the illumination field is considered to be 

multiplicative [13], a logarithmic transformation is 

performed on the L channel in order to make it additive 

and to simplify the computations. The illumination 

changes gradually within the image plane, thus it can be 

modeled by a polynomial. A polynomial-type Lagrange 

interpolation was proposed by [32] and 2d Lagrange’s 
interpolation basis functions were proposed [33]. In the 

current work we use the polynomial-type Newton’s 
divided difference interpolation. The following 

interpolation is used: I = ∑_(k=1)^K▒ ck ϕk(x) , where 

ck are the illumination field parameters, ϕk are Newton’s 
divided difference interpolation basis functions and K is 

the number of the interpolation points. The interpolation 

points are located on an equally spaced grid of the image 

size with N × N = K points at positions (x,y) of the image 

spatial coordinates. 

The Newton’s divided difference quadratic 
polynomial interpolation- formula is given as follows: 

 Given (x0, y0), (x1, y1) and (x2, y2), fit a 

quadratic interpolant through the data. Noting y=f(x), y0 

=f(x0), y1 =f(x1) and y2 =f(x2), assume the quadratic 

interpolantf2(x)is given by 

 

f2(x)= b0 + b1(x- x0) + b2(x- x0) (x- x1) 

At x= x0, 

f2(x0)= b0 + b1(x0- x0) + b2(x0- x0) (x0- x1) 

= b0 

b0 = f(x0) 

At x= x1, 

f2(x1)= f(x1)= b0 + b1(x1- x0) + b2(x1- x0) (x1- x1) 

f(x1)= f(x0)+ b1(x1- x0) 

 

Giving 

 

b1= (f(x1)-f(x0)) / (x1- x0) 

At x=x2 

f2(x2)= f(x2)= b0 + b1(x2- x0) + b2(x2- x0) (x2- x1) 

f(x2)= f(x0) + ((f(x1)-f(x0)) / (x1- x0)) *(x2- x0) + b2(x2- 

x0) (x2- x1) 

 

Giving 

 

b2 = (((f(x2)-f(x1)) / (x2- x1)) -((f(x1)-f(x0)) / (x1- x0)))/ 

(x2- x0) 

 

Hence the quadratic interpolant is given by 

 

 f2(x)=  b0 + b1(x- x0) + b2(x- x0) (x- x1) 

 

= f(x0) +((f(x1)-f(x0)) / (x1- x0))* (x- x0) +((((f(x2)-f(x1)) 

/ (x2- x1)) -((f(x1)-f(x0)) / (x1- x0)))/ (x2- x0)) *(x- x0) 

(x- x1) 

This leads us to writing the general form of the Newton’s 
divided difference polynomial for n+1 data points, (x0, 

y0), (x1, y1),…… (xn-1, yn-1), (xn, yn), as 

 

fn(x)=  b0 + b1(x- x0) +………..+ bn(x- x0) (x- x1)…… 
(x- xn-1) 

Where 

b0 = f[x0] 

b1 = f[x1,x0] 

b2 = f[x2,x1,x0] 

: 

bn-1 = f[xn-1,xn-2,……..x0] 
bn = f[xn,xn-1,……..x0] 
 

http://www.arpnjournals.com/
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where the definition of the mth divided difference is 

 

bm = f[xm,,……..x0] 
= (f[xm,……..x1]- f[xm-1,……..x0])/ (xm- x0) 

 

From the above definition, it can be observed that 

the divided differences are calculated recursively. 

Using this model, the illumination field can be 

obliterated from each pixel in the image. Once the 

illumination field influence is removed from the intensity 

values, the cervix tissue can be modeled as a mixture of 

Gaussians in 1-d feature space. The probability of 

occurrence of each Gaussian j is denoted αj. For a set of n 
feature vectors: ^y1, …….^yn, the maximum likelihood 
estimate of the different parameters can be found by 

maximizing f(^y│ θj,c) = Πif(^yi│ θj,c), using the EM 
algorithm [25],[27],[34]. 

Since we have the estimate of the parameter set, 

each iteration of the EM algorithm re-estimates the 

parameter set according to the following steps: 
 

■ Expectation step 

  

 
 

■ Maximization step of the Mixture of Gaussian 
parameters: 

  

 
  

 

 

 ■ Maximization step of the illumination field parameters: 
  

 

  

 
  

Where Ti is the tissue type at position I, A is the 

interpolation matrix representing the geometry of the 

illumination field, W is the diagonal matrix holding the 

sum over all weights, wij, assigned to each pixel. The 

predicted pixel intensity value is yi, and R is a vector that 

represents a rough estimation of the illumination-field at 

every pixel. As the EM algorithm gets worked on the 

cervigrams , several concerns need to be addressed: 

The degree of the polynomial that estimates the 

illumination field needs to be set. It defines the 

smoothness of the illumination field and has a strong 

influence on the quality of the residual signal within the L 

channel. If due to a large polynomial degree, the surface is 

not suave enough, vital information that relates to the 

different tissues within the cervix might be missing, 

leading to a poor comparison between them. It was 

observed that the surface of the illumination field is best 

elaborated as a sixth degree polynomial (K = 38 

interpolation points). 

When the EM algorithm is applied in MR brain 

images [31] for bias correction, an a-priori anatomical 

atlas of the brain is used in order to initialize the Mixture 

of Gaussian parameters. But for the cervigram images, no 

such atlas is acquirable, a standard K-means clustering 

algorithm is used to estimate the initial values of mean and 

standard deviation. 

The cervix region is occupied by the  SE, CE and 

AW tissues and an additional group for the remaining 

tissues, thus amounting to total number of tissues J=4. The 

illumination field estimation should not depend to this 

number as pixels that possess significantly different 

intensity values from any of the Gaussian distributions 

with low wij values and they must be having little 

influence on the illumination field estimation.  

 

Intensity Normalization method 

Due to different image acquisition techniques of 

cervigrams, as with health workers in different light 

conditions, a large diversity of intensity range exist within 

the cervigram image database. In order to learn global 

tissue models in a supervised manner and to compare 

images across the data-set, a dynamic range normalization 

step is essential. A cervigram specific normalization 

procedure is therefore proposed. The hypothesis is based 

on the fact that the squamous epithelium (SE) tissue 

should have a similar dynamic range of intensities across 

the image set, as it is the original cervix tissue. The 

hypothesis is based on the following set of observations 

drawn from a set of 200 manually marked cervigrams. The 

SE tissue is omnipresent in the cervigram image, and has a 

narrow intensity range following the illumination 

correction step. The mean-standard deviation (mean-std) 

and the mean-tissue size measured in pixels (mean-size) 

results were computed over the entire image set for each 

tissue of the entire data set.  

 

http://www.arpnjournals.com/
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Table-1. Tissue statistics averaged over 200 cervigram 

images. 
 

 SE CE AW 

MEAN-STD 
3.1 5.6 3.8 

MEAN-SIZE 
754 66 11874 10882 

 

RESULTS 

The Raw cervigram (see Figure-1a) and the 

converted smoothed intensity gray scale image is shown in 

Figure-1b. The scaled principle directions overlaid on a 

map of the normalized principle curvature is also shown in 

Figure-1c. 

            

 
Figure-1. Curvature-based boundary indicators. (a) Raw 

cervigram image (color) (b) Smoothed intensity image 

(Gray scale) (c) scaled principle directions overlaid on a 

map of the normalized principle curvature; concave 

regions-bright; convex regions-dark; (d) Magnified on one 

of the strong edges in Figure (c). 

 

Here the concave regions are denoted as bright 

and convex regions as dark. Also one of the strong edges 

are magnified to see the energy gradient..  

 

CONCLUSIONS 

 The raw cervigram acquired by the colposcope is 

preprocessed by removing the specular reflections and 

then the region of interest is sought. Before the image is 

made ready for implementing further image processing 

algorithms, our novel illumination correction and intensity 

normalization methods are applied. In the current paper we 

propose a novel method where we use the polynomial-type 

Newton’s divided difference interpolation for illumination 

correction. We also find that the squamous epithelial tissue 

is omnipresent in the cervigram image, and has a narrow 

intensity range following the illumination correction step. 

This is based on the observations of mean-standard 

deviation (mean-std) results that were computed over the 

entire image set for each tissue of the entire data set. We 

find that the SE tissue is shown to possess the lowest 

mean-std value and it occupies most of the cervix region 

as reflected by the mean-tissue-size measured in pixels. 

Based on the above observations, we conclude that the 

peak of the entire cervix region intensity distribution is 

strongly correlated with the peak of the SE region intensity 

distribution. 
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