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Abstract - Automated classification is a highly effective cell imaging based cancer detection technique, 
where cells are partitioned into “abnormal” and “normal” categories. Detection of tumors in different 
medical images is motivated by the necessity of high accuracy when dealing with a human life. Image 
Preprocessing and Machine learning techniques helps the pathologist to take proper decision. In this 
paper, image segmentation performed by Gaussian Mixture Model method and texture and shape 
features are extracted related to cervical cancer. However, the success of most conventional type 
strategies relies on the presence of accurate cell segmentations. This paper proposes the automated 
classification of cervical magnetic resonance images by using some prior knowledge like pixel intensity 
and some textural features. To detect cancer in each stage unique functions are used and it had three 
important stages: RGB2LAB color conversion, Entropy Measurement, GMM segmentation and 
classification. In this work a novel automatic cervical cancer classification using GMM segmentationis 
proposed for improving the prediction of Generalized Recurrent Neural Network (GRNN) is used. The 
results show significant improvements in pixel-level classification accuracy compared to traditional 
screening methods.  
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Introduction: Cervical cancer is one of the deadliest cancers recognized and is also a key research area 
in image processing. It is a malignant disease that develops in the cells of the cervix or the neck of the 
uterus [1].  The essential problem with this cancer is that it cannot be detected as it doesn’t throw any 
symptoms until the final stages. There are at least two approaches which can be used for automatic 
image classification. The former is the classical machine learning workflow for image classification: a) 
use some chain of image-processing techniques to extract quantitative features from each image; b) 
apply automatic feature extraction/selection techniques; c) apply some classifiers on the data subsets. 
The mix between the considered numerical features and classifiers dictates the success of the 
recognition task. The latter approach used for automatic image classification is a more recent one, and 
allows the machine to extract features on its own, without human intervention. We refer here to the so-
called “deep learning” branch of machine learning [2–5].Advances in imaging technology have greatly 
improved the quality of medical images, leading to a better understanding and practitioner’s 
interpretation of the images, which contributes to early diagnosis. There are a number of studies 
exploring the classification of cervical cancer [6]. Diagnostic systems for cervical cancer classification 
have advanced considerably, however the gold standard for diagnosing the cervical cancer remains the 
histological analysis of the biopsy of the cervix. Such histological examination involves the following 
sequential analysis: the segmentation of the region of interest and classification of the cells from the top 
of the image to the bottom.  
 
During the segmentation process, images other than those used in the training process are segmented 
by generating the feature vector for each pixel and comparing is made with feature vector templates. 
Accurate cell segmentation is crucial to the success of a reading system. However, despite recent 
significant progress in this area [7-14], the presence of cell clusters, as well as the large shape and 
appearance variations between abnormal and normal nuclei, remains a major obstacle to the accurate 
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segmentation of individual cytoplasm’s and nuclei. Several strategies to remove the dependence on 
segmentation have been investigated. Classification based only on nucleus features (excluding 
cytoplasm features) is proposed [15]. 
 
Feature selection is one of the key topics in machine learning and other related fields it can remove the 
irrelevant even noisy features and hence improve the quality of the data set and the performance of 
learning system. Feature selection is one of the optimization process to select a minimum number of 
effective features. Feature selection is required to reduce curse of dimensionality due to irrelevant or 
over fitting, cost of feature measurement and computational burden. The feature selection method 
discussed on three steps when selecting image which are: screening, ranking and selecting. In screening, 
it removes unimportant and problematic predictors and records or cases, such as predictors with too 
many missing values or predictors with too much or too little variation to be useful. Ranking, Sorts 
remaining predictors and assigns ranks based on importance. Selecting: It identifies the subset of 
features by preserving only the most important predictors and filtering or excluding all others. The 
Feature Selection screens, ranks, and selects are the predictors that are most important. Expeditious 
growth of digital image databases motivated Content Based Image Retrieval which in turn requires 
efficient search schemes. Low level visual features including color, texture and shape, are automatically 
selected to represent images. [16] Obtain an effective feature subset by feature selection to produce 
sufficient original feature set. 
 
Classification of medical images using textural classification have been successfully performed in various 
medical images such as breast cancer, liver cancer, lung disease & cervical cancer [17]. Initially, texture of 
the cell was analysis based on the first and second order statistics of textures. Representation learning 
refers to a set of methods designed to automatically learn and discover intricate discriminative 
information from raw data [18]. Recently, representation learning has been popularized by deep learning 
methods [19]. 
 
Contribution of this paper are summarized as follows. 1) Application of deep learning and transfer 
learning methods are used to classify cervical cell. 2) Unlike the previous methods, which rely on 
cytoplasm/nucleus segmentation and hand-crafted features, proposed method automatically extracts 
deep hierarchical features embedded in the cell image patch for classification, as long as a coarse 
nucleus center is provided. As a result, the classification does not suffer from any accuracy loss caused 
by inaccurate segmentation, and does not explicitly utilize prior medical knowledge of cervical cytology. 
3) This method generates the highest performances on HEMLBC dataset, and has the potential to 
improve the performance of automation-assisted cervical cancer Classification. 

 
Methodology:  The figure of the proposed system diagram is shown in Fig.1. This paper presents a 
novel framework for the efficient classification of cervical cells in normal and abnormal categories, 
based on features extracted exclusively from the nucleus area and ignoring the contingent cytoplasm 
features.  The automated system would consist of four phases namely pre-processing phase for noise 
removal, GMM segmentation phase to identify the cells and to separate nucleus from its cytoplasm, 
feature extraction phase to identify and extract the feature of normal cell & abnormal cell and the final 
classification phase classifies the given cervical cell as normal or abnormal cell based on the extracted 
features. 
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Fig .1: Proposed Methodology 

 
Preprocessing: The efficiency of medical image analysis is strongly connected with their preprocessing 
steps. Pre-processing on the input image is extremely essential, so that the image gets altered to be 
related to the further processing. In this paper, first of all the experimental images are color images and 
it converted into grayscale images for further processing. Then these images cannot be given directly 
applying the segmentation process. Since, these images are passed through an anisotropic filter which 
diminishes the noise and enhances the image quality. Anisotropic filter is used for minimizing image 
noise without eliminating significant parts of the image content, particularly the edges, lines or other 
details which are important for the analysis of the image [20]. Additional for medical image it is 
necessary to use special preprocessing procedures such as: automatic regions of interest (ROI) 
segmentation; removing highlights in the images; and in the case of using multi-spectral fluorescent 
images procedure of their matching. 
 
Histogram Division and Entropy Measurement: Histogram based methods are very efficient when 
compared to other image segmentation methods because they typically require only one pass through 
the pixels. A histogram division was normalized to display "relative" frequencies. It then shows the 
proportion of cases that fall into each of several categories, with the sum of the heights equaling 1. If the 
bins are of equal size, a rectangle is erected over the bin with height proportional to the frequency - the 
number of cases in each bin. Histogram division gives a rough sense of density for distribution of the 
data, and for density estimation: estimating the probability density function of the underlying variable. 
The total area of a histogram used for probability density is always normalized to 1.  
 
Entropy performance is defined as the average amount of information produced by a imaginary source 
of data. The measure of entropy associated with each possible data value is the negative logarithm of 
the probability mass function for the particular value. A proposed approach to the problem of entropy 
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evaluation is to compare the expected entropy of a sample of random sequence with the calculated 
entropy of the sample. This method gives very accurate results, but it is limited to calculations of 
random sequences modeled as Markov chains of the first order with small values of bias and 
correlations. This is the first known method that takes into account the size of the sample sequence and 
its impact on the accuracy of the calculation of entropy. 

In Eq (1),  Entropy Η (Greek capital letter eta) of a discrete random variable X with possible values {x1, 

..., xn} and probability mass function P(X) as: 
H(X) = E [I(X)] = E [ -ln (P(X)) ]    (1) 
Where, E is the expected value operator, 
             I is the information content of X.

 

I(X) is itself a random variable. 
 
GMM Segmentation: The segmentation algorithm developed in this paper is based on a parametric 
model in which the probability density function of the gray levels in the image is a mixture of Gaussian 
density functions. This model has received considerable attention in the development of segmentation 
algorithms and it has been noted that the performance is influenced by the shape of the image 
histogram and the accuracy of the estimates of the model parameters. However, the model-based 
segmentation not allows a good results if the histogram of an image is a poor approximation of a 
mixture of two Gaussian density functions. The application of this model in image segmentation is, 
therefore, limited to the images which are good approximations of Gaussian mixtures with well defined 
modes.  
 
Image is a matrix within which each element is a pixel. The value of the pixel is a number that shows 
intensity or color of the image. Let X be a random variable that takes these values. For a probability 
model determination, we can suppose to have mixture of Gaussian distribution as the following form: 

                       (2) 
Where k is the number of components or regions and 

     (3) 
 
Feature Extraction: The most popular feature extraction technique is based on principal component 
analysis which is the only feature extraction method that was considered before. Another candidate 
preprocessing step is lowering the number of linearly correlated features. It is known that highly 
correlated features rise unnecessary computational burden and worsens the classification accuracy for 
most linear and for few nonlinear techniques [21].  
 

1) Local ternary pattern: Local Ternary Patterns (LTP) are an extension of Local Binary 

Patterns (LBP). Unlike LBP, it does not threshold the pixels into 0 and 1, rather it uses a threshold 

constant to threshold pixels into three values. Considering k as the threshold constant, c as the value of 
the center pixel, a neighboring pixel p, the result of threshold is: 

                      (4) 
In this way, each threshold pixel has one of the three values. Neighboring pixels are combined after 
thresholding into a ternary pattern. Computing a histogram of these ternary values will result in a large 
range, so the ternary pattern is split into two binary patterns. Histograms are concatenated to generate a 
descriptor double the size of LBP. 
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This paper proposes a navel method for extraction of features using Local Ternary Pattern (LTP) and 
signed bit multiplication, which uses central pixel for feature computation. Fig 2. illustrates the splitting 
of LTP into two LBP Channels. The extracted features are main component of the initial set of learning 
images (training set).Once the features of test images are extracted, the image is classified by comparing 
its feature vector with other train vectors in database using ANN classifier. 

 

 
Fig 2. Splitting LTP into two LBP channels 

 
2) GLCM: Texture features are extracted using Gray Level Co-occurrence Matrix (GLCM).Features 
extracted are used in classification tool to obtain the final class of an unknown sample. For successful 
image classification description of image texture is important as it helps in defining material 
appearance. Texture and tone are always present in an image, many a one of the property system. Image 
texture classification is done with the help of Gray Level Co-occurrence matrix and it is the combination 
of pixel brightness values occurring in an image. A co-occurrence matrix is a symmetric matrix of 
dimensionality N, N is total number of possible gray levels of a particular image. 
 
GRNN Classifier: In order to segment images, through classification of different tissues, and to evaluate 
in which way classification is affected by compression, Generalized Regression Neural Networks (GRNN) 
algorithm is used. They perform well on noisy data. That is one of the reasons the GRNN are being used 
in medical classification, predictive and diagnostics Problems because a lot of noisy data is presented in 
such cases. It is an accurate and robust Method, being obtained the results practically independent of 
the expert GRNN are a kind of normalized Radial Base Functions (RBF) networks, where a cell of the 
Hidden layer correspondent to each pattern of training exists.  
 

 
Fig. 3.Structure of GRNN 
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The general structure of a GRNN is shown in figure 3. The GRNN infrastructure consists of four layers 
input, hidden, summation and output layer. The first hidden layer contains the pattern units. The 
pattern units contain the important functional. Each pattern unit represents information on one 
training sample. Each pattern unit calculates the probability on how well the input vector fits into the 
pattern unit. In the second hidden layer there is only one summation unit. Here it is decided upon the 
individual results of each pattern unit in which pattern the input vector finally belongs. The output unit 
performs again a calculation to give the output a physical meaning.  
 
This is basically a neural network based function approximation or function estimation algorithm. It 
predicts the output of a given input data. As per the basic principle of neural network it needs a training 
data to train itself. Training data should contain input-output mapping. Now if we train the network 
with the training data set and we feed a new testing data set, it will accordingly gives the output or 
predict the result. In case of GRNN, output is estimated using weighted average of the outputs of 
training dataset, where the weight is calculated using the Euclidean distance between the training data 
and   test data. If the weight or distance is large then the weight will be very less and if the distance is 
small it will put more weight to the output. 
 
Supervised Classification:   User can select sample pixels in an image that are representative of 
specific classes and then direct the image processing software based on supervised classification.  To use 
these training sites as references for the classification of all other pixels in the image. Training sites (also 
known as testing sets or input classes) are selected based on the knowledge of the user. The user also 
sets the bounds for how similar other pixels must be to group them together. These bounds are often set 
based on the spectral characteristics of the training area, plus or minus a certain increment (often based 
on "brightness" or strength of reflection in specific spectral bands). The user designates the number of 
classes that the image is classified into Many analysts use a combination of supervised and unsupervised 
classification processes. These are develop final output analysis and classified maps. In this paper, 
supervised training is used to generate possible texture templates. Filters are used to generate a feature 
vector for each pixel and its neighbors. Several feature vectors are generated for known textures.  
 
Experimental Results: 
1) Data set: The cell data used to train and test the GRNN comes from dataset with types of 
cervical cytology images, which were acquired by different slide preparation, staining methods, and 
imaging conditions. 
 
HEMLBC Dataset: This is from a publicly available dataset collected at the Herlev University  Hospital 
of Nanshan District by using our previously developed auto focusing system (Olympus BX41 microscope 
with 20_ objective, JenoptikProgRes CF Color 1.4 Megapixel Camera, and MS300 motorized stage) [22]. 
Each pixel has a size of 0.208 _m2. The specimens are prepared by manual liquid-based cytology with 
H&E staining. The dataset used in this paper is a subset used to train the abnormal/normal nucleus 
classifier for our automation-assisted cervical screening system [22]. There are totally 989 abnormal cells 
from 8 biopsy-confirmed CIN slides and 1381 normal cells from another 8 NILM (negative for 
intraepithelial lesion and malignancy) slide available. To create a balanced data distribution, 989 normal 
cells are randomly selected. The abnormal cells are diagnosed by two experienced pathologists. Most of 
them are segmented by an automated algorithm [22] and the ill-segmented ones are manually 
segmented by a pathologist. The normal cells are formed by two subsets: the first subset is collected by a 
pathologist with automated segmentation; the second subset is some false positive cells (e.g., cells with 
large nuclei, atrophic cells, etc.) collected during bootstrap process from validation images with manual 
segmentation for the ill-segmented ones by an engineer. More details are described in [22]. Examples of 
some cells are shown in Fig. 4(b). For both abnormal and normal cell image in the HEMLBC dataset, Nr 
= 10 rotations (_ = 36_) and Nt = 10 translations (up to 10 pixels) are performed, resulting in 100 image 
patches for each cell image. The image patch size is also set to m = 128 pixels and then up-sampled to a 
size of 256 _ 256 _ 3 pixels as in Herlev dataset. 
 
Result Analysis: The input image of cervical cancer was shown in Fig 4. 
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Fig.4. Input Image 

 
After preprocessing was done, conversion of RGB to grayscale image was made. Anisotropic filter is used 
to minimize image noise without eliminating the edges, lines or other details which are important for 
the analysis of the image. 
 

 
Fig.5. Filtering Image 

 

 
Fig.6. Threshold Calculated Image 

 

 
Fig.7. Histogram division 
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Fig.8. GMM Segmentation 

 

 
Fig.5. After using LAB Color Conversion 

 
By combining both extracted features of GMM Segmentation and LAB color conversion, cervical cells 
were classified. When the training process completed after processing conversions, cancer cells stages 
were detected whether it is normal or abnormal. 
 

 
Fig.6. Training Image 

 
 

 
Fig.7. Database Completed 
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Fig.8. Abnormal Stage 

 
Finally, after detecting the abnormal stage of cancer cell, the result of counting cell is done  which yields 
the histogram group and cell count values. 
 

 
Fig.9. Result of the Counting Cells 

 
Conclusion: This paper proposes a Generalized Regression Neural Network (GRNN)-based method to 
classify cervical cells. Unlike previous methods, which rely on cytoplasm /nucleus segmentation and 
hand-crafted features, our method automatically extracts deep features embedded in the cell image 
patch for classification. It consists in extracting image patches coarsely centered on the nucleus as 
network input, transferring features from another pre-trained model into a new  GRMM for fine-tuning 
on the cell image patches, and aggregating multiple predictions to form the final network output. The 
proposed method yields the highest performance on the HEMLBC liquid-based cytology datasets, 
compared to previous methods. We anticipate that a segmentation free, highly accurate cervical cell 
classification system of this type is promising for the development of automation-assisted reading 
systems for primary cervical screening. 
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