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ABSTRACT
Cervix cancer is one of the trivial form of cancer in women at present. In the world, it is one of the major reasons for
womens' death. Due to cervix cancer, most of the deaths are happening in less defoliated areas of the world. Death rate
due cervix cancer can be reduced if it would be detected at early stages. Since, cervix cancer has no symptoms so regular
checkup is needed for its diagnosis. Colposcopy images are the images of woman\'s cervix taken using a special
microscope called colposcope after application of acetic acid on cervix. Colposcopy is a procedure which is used to
check precancerous and abnormal areas in the cervix so that normal and cancerous tissues can be classified. So, we are
using colposcopy images dataset for our task to classify them in normal and cancerous images. In our work, a deep
learning convolutional neural network (CNN) is applied on colposcopy images of cervix for classification.
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I. INTRODUCTION
Cervix cancer is the second most prevalent form of cancer among teenage and adult women in developing
countries worldwide [1]. Cervical cancer begins in the cervix and it is mainly caused by sexually-acquired
infection with Human Papilloma Virus (HPV) [2]. Cervical cancer is an important health deteriorating
cancerous disease popular among women in the world [3]. As stated by International agency for research on
cancer, due to cervical cancer, death rate ranks in second position in India and third position in the world [4].
As cervical cancer is increasing, reasons for it are still unknown [5] and there is no efficient way to avoid it
and even women does not experience any special symptoms during early stages. Thus, the early detection of
cervical cancer or precancerous stage can reduce the death rates due to cervical cancer.

Cervical cancer takes several years for the changes in epithelial to progress from precancerous to invasive
cancer [2]. So, there is sufficient time for screening and detection of pre-cancerous stages. Early detection at
pre-cancerous stages will help to reduce the death rates. Screening methods like cytology, Pap smear tests,
visual examination, HPV-DNA, Colposcopy are used for detection of cervical cancer at initial stages. Pap
tests require specimen of cells collection from cervix and a competent person for examination of those
samples under microscope for lesions [18]. This test is effective but suffers from low sensitivity during
detection of CIN 2/3+. HPV test is a kind of DNA tests which detect HPV (Human Papillomavirus) infections
related to cervix cancer.

Pap test is a method used to detect cervix cancer from the cells present in women's cervix. Pap test results a
normal when all cells are of healthy size and shape. It reports an abnormal test if there are any changes in size
shape and texture. An abnormal (positive) Pap test does not mean that women patient has cancer as the
observations might go wrong due to improper visualization. Pap test method is simple in operation however it
takes more time to give the observations for a patient as clinical Laboratory is required for investigations. Pap
test method has some limitations which include sensitivity (generally up to fifty percent) to diagnose cervix
cancer lesions and the assurance of false negatives [6].

Colposcopy is used as another method to overcome the limitations of pap smear. Colposcopy is a method
which uses Colposcope for visual inspection of cervix after applying acetic acid. Colposcope is a microscope
used by doctors to examine women vagina and cervix with proper magnification to identify abnormal cells. In
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colposcopy, photograph of cervix is taken closely by Colposcope for examination, after applying acetic acid
on it. After applying, 5% solution of acetic acid on the cervix, abnormal cervical region turns into white which
is called Acetowhite (AW) lesions. Due to this, some swelling occurs in Epithelium mainly in abnormal and
Columnar Epithelium [7].

Cervix cancer results when cervix cells grow inconsistently and propagate out of control. Alike other forms of
cancer, it also takes years for cervix cancer to evolve (10-15years (or more)). First, normal cervix cells get
changed into precancerous cells and it causes abnormalities. These abnormalities develop without any
indication and symptoms and if treatment is not done, they eventually evolve into cancer. Cervix cancer can
be prevented, if cervix abnormalities are diagnosed and treated in early stages (means when cancer is not fully
developed).

To prevent cervix cancer, screening methods can help to detect Cervical Intraepithelial Neoplasia (CIN), that
is the pre-cancerous changes which occur when squamous cells grow inconsistently on the surface of the
cervix [8]. CIN has three classes: CIN1, CIN2 and CIN3, which represents mild, moderate and severe
precancerous stage respectively. Normally in case of CIN1, it will be cleared in 1-2 years by immune system,
so it needs observation only, while CIN2/CIN3/cancer needs treatment. In medical examination, major goal of
screening is to distinguish between CIN1 and CIN2/3. Images of these different grades are shown in Figure 1.

In this paper, a deep learning neural network is applied for the task of cervix cancer diagnosis on cervix
colposcopy images provided by National Cancer Institute (NCI) at the time of patient's screening visit.

II. RELATED WORK
In recent years, there have been several automatic and semi-automatic image analysis methods or algorithms
applied to cervix images for detection and classification of cancer. In most of the previous work, common
process was automatic detection of cervix region. The region of interest (ROI) contains most relevant
information for correct tissue and disease classification.

Region of interest (ROI) can be detected by Gaussian mixture model (GMM), color/texture features and
Expectation-maximization (EM) method. In [9], ROI is detected by analysis of local color features and
optimized through Expectation-maximization method. Zimmerman et al. [10] developed a 2-stage
segmentation process using image intensity, saturation and gradient information, and reported their result on
120 images. Gordon et al. [11] used GMM to find cervix ROI, and then separates the cervix region into 3
categories: the Squamous Epithelium (SE), the Columnar Epithelium (CE), and the AcetoWhite (AW) region.
Gordon et al. tested on a set of 120 images. Xue et al. [12] focused on the removal of specular regions and
identification of acetowhite region in ROI. They also tested on 120 images achieved by National Cancer
Institute (NCI) and they used L*a*b* color features, GMM and then used K-means clustering to achieve
results. All the above discussed methods for detection of ROI are shown in Table I.

Table I. Various methods to find cervix Region of Interest (ROI)
Authors Year Technique used Dataset Results

Zimmerman et al.
[10]

2006
Gaussian mixture Method

(GMM)

images provided by the National
Cancer Institute (NCI) and National

Institutes of Health (NIH)
-

Gordon et al. [11] 2006
Gaussian mixture Method

(GMM)
images provided by NCI -

Li et al. [9] 2007
Analysis of local color features

and optimized through EM
Images collected at multiple US

locations and Peru

60.77%
sensitivity and

93.41%
specificity

Xue et al. [12] 2007
used L*a*b* color features,
GMM (Gaussian mixture

model) and k-means clustering
120 images collected by NCI -
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Fig. 1: Example images of different grades of CIN

After detection of Region of interest, classification methods are implemented. In [11], Gordon et al. performed
classification of colposcopy images using color features and GMM. From their work, it was concluded that
texture features should be analyzed, because only color features are not adequate for colposcopy image
analysis. Ji et al. [13] diagnosed important vascular patterns in images by utilizing texture features. Srinivasan
et al. [14] recognized punctuation and classified mosaic and non-mosaic sections in segmented images using a
filter bank of texture models. They also used color and geometric features. Maximum approaches tried to
distinguish the various areas, cells and tissues in cervix colposcopy image. It is typical to recognize all these
regions in cervix with high accuracy because of having high inconstancy in shape, size, color and texture In
[15], Kim et al. automatically extracted ROI from cervix image and then extracted both color and texture
features from ROI on many colposcopy images. After this, two classification methods are used: a support
vector machine classification and a majority vote classification.

In [16], color and texture features are used for detection of cervix region. Cytology, HPV test and age (data
driven) features are combined to find better results. Lazy and eager learning approaches and K-means
clustering are used for classification. In [17], Tao Xu et al. designed a deep learning method for cervical
cancer detection using multi-modal information. They used convolutional neural network to change over the
image i.e. the low-level data converted into a feature vector so that it can be fused with other non-image
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information. After feature extraction, CNN is used for classification. Their model gave classification results
with 87.83% sensitivity and 90% specificity on NCI provided dataset.

In [18], three complimentary pyramid features are extracted. They are pyramid histogram in L*a*b* colour
arena (PLAB), pyramid histogram of oriented gradients (PHOG) and pyramid histogram of local binary
patterns (PLBP). In combination with hand-crafted features, the pursuance of convolutional neural network
deep features for cervix cancer classification is investigated. They provided these all features as input to seven
machine learning classifiers including Random forest (RF), Adaboost, Gradient boosting decision tree
(GBDT), logistic regression (LR), Support vectore machine (SVM), multi-layer perceptron (MLP) and k-
nearest neighbours (kNN). Their results showed the efficacy of hand-crafted features and deep neural network
features. All the above discussed classification methods are shown in Table II.

Table II. Various methods of cervix cancer classification
Authors Year Technique used Dataset Results

Gordon et al.
[11]

2006 color features and GMM
Images provided by

the NCI
-

Ji et al. [13] 2000 texture features - -

Srinivasan et
al. [14]

2006 filter bank of texture models
Images collected in

NCI 'guanacaste
project'

-

Kim et al.
[15]

2013

color and texture features
obtained. Then SVM classification

method and a majority vote
classification method are used for

classification.

Images collected
by the NCI

73% sensitivity and
77% specificity

Song et al.
[16]

2014

color and texture features,
Cytology, HPV test and age (data

driven) features are combined.
Then K-clustering is used for

classification.

Images provided by
NCI

83.21% sensitivity
and 94.79%
specificity

Tao Xu et al.
[17]

2016

Used CNN to convert image to
feature vector and those features
are fused with non-image data.

Then CNN is used for
classification.

Images received by
NCI

87.83% sensitivity at
90% specificit

Xu et al. [18] 2017

3 complimentary pyramid features
extracted: PLAB, PHOG and

PLBP. CNN deep features
extracted. Machine learning

classifiers are used.

Images collected
by NCI

79.99% Accuracy on
combined features.

80.71% Accuracy on
hand-crafted features

only. 80.01%
Accuracy on CNN
deep features only.

III. OUR APPROACH
(a) Dataset
In our experiment, we used convolutional neural network model for cervix cancer diagnosis. We applied this
model on dataset, which is selected from the data provided by the National Cancer Institute (NCI). For this
experiment, we randomly selected 345 images of Normal/CIN1 and 345 images of CIN2+ type from our data
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and we tested our experiment on 15% of the total images for accuracy and rest of the images are used for
training.

(b) CNN Model
Razavian et al. [19] by their work indicate that deep CNN features excerpted from convolutional neural
network are important and good for perception and diagnosis task. Deep neural networks are very adequate for
classification task. So, we used LeNet architecture of convolutional neural network for our cervix cancer
diagnosis or classification task. The LeNet architecture is an excellent “first image classifier” for
Convolutional Neural Networks. Originally, it was designed for classifying handwritten digits, so we used this
for our image classification task.

The LeNet architecture contains two sets of convolutional layers, activation layers, pooling layers and then a
fully associated layer. That fully associated layer is also followed by an activation layer and another fully
associated layer. At the end, it consists of final softmax classifier. The architecture of LeNet is shown in
Figure 2.

Fig. 2: Architecture of LeNet Model [20]
The methodology for our experiment is shown in Figure 3. In our experiment, we resize images to 120*120
pixels. We give our training images to LeNet convolutional neural network model as input for training of
neural network. Training accuracy graph is shown in Figure 4 and training Loss/Accuracy graph is shown in
Figure 5.

The experiment resulted with producing model of architecture with best possible validation score. Our used
model LeNet architecture produced a score of 83%.

Fig. 3: Our methodology
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Fig. 4: Training Accuracy graph

Fig. 5: Training Loss/Accuracy Graph
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III. CONCLUSION
In this paper, we used LeNet architecture of convolutional neural network for our cervix image classification
task. It can be deduced that classification mechanism of LeNet is good enough to produce reasonable accuracy
for cervix cancer classification so that decision for treatment or observation can be taken for good health.
Here, image pre-processing can be added for extracting cervix region of interest which can result in better
score. Future work may include pre-processing steps for better accuracy, finding better accuracy models and
this model may be compared with other models. The work may include finding the feature maps for cervices
after each convolutional layers and a different classifier for classification task in place of softmax layer for
better results.
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