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ABSTRACT

This article presents the result of a comprehensive study on
deep learning based Computer Aided Diagnostic techniques
for classification of cervical dysplasia using Pap smear im-
ages. All the experiments are performed on a real indige-
nous image database containing 1611 images, generated at
two diagnostic centres. Focus is given on constructing an
effective feature vector which can perform multiple level of
representation of the features hidden in a Pap smear im-
age. For this purpose Deep Convolutional Neural Network
is used, followed by feature selection using an unsupervised
technique with Maximal Information Compression Index as
similarity measure. Finally performance of two classifiers
namely Least Square Support Vector Machine (LSSVM) and
Softmax Regression are monitored and classifier selection
is performed based on five measures along with five fold
cross validation technique. Output classes reflects the es-
tablished Bethesda system of classification for identifying
pre-cancerous and cancerous lesion of cervix. The proposed
system is also compared with two existing conventional sys-
tems and also tested on a publicly available database. Ex-
perimental results and comparison shows that proposed sys-
tem performs efficiently in Pap smear classification.
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Computer Aided Diagnosis (CADx) is a technique de-
signed to decrease observational oversights and thus the false
negative rates of physicians interpreting medical images [3].
Recent advances in application of CADx systems in medical
field increases the performance of decision delivery by re-
moving inter-observer variations and providing quantitative
support in clinical decision making [6]. Feature extraction,
feature selection and classification are three major phases of
designing any such CADx system. Efficiency of any auto-
mated system is fully determined by the above mentioned
techniques. In recent years deep learning techniques has
made a good impact on medical image processing and de-
veloping of CADx systems [1][6]. Specially Convolutional
Neural Network (CNN) has become popular for many com-
puter vision works. But limitations exists when it comes to
the application on cytological image precessing, because to
train a deep network huge amount of data is required. But
as mentioned by Genctav et al., [8] collection of data is a
big challenge in medical imaging field.

Attempt has been made to study the features of Pap smear
images through segmentation techniques like FCM [4], Ge-
netic Algorithm [17], Joint Optimization technique [19] and
watershed transform [22, 21] etc. Authors have first tried
to segment the region of interest (nucleus or cytoplasm) and
tried to extract the morphometric or textural features from
the region of interest. After extraction of features different
classifiers were used to classify the Pap smear images [2,
4, 12]. Limiting factor of such quantitative image analysis
technique is the absence of a robust and ideal segmentation
algorithm to distinguish object of interest [5]. Also one seg-
mentation technique may not be consistent in segmenting
images collected from different sources. To overcome these
drawbacks we are using Deep features extracted using CNN.
Deep learning methods are a set of algorithms in machine
learning, which try to automatically learn multiple levels
of representation and abstraction of images that help make
sense of data [24].

In this work attempt has been made to classify Pap smear
single cell images to detect cervical dysplasia. All the exper-
iments were performed on a generated database containing



1611 images of different categories namely Negative for In-
traepithelial Lesion or Malignancy (NILM), Low-grade Squa-
mous Intraepithelial Lesion (LSIL) and High-grade Squa-
mous Intraepithelial Lesion or HSIL (including Squamous
Cell Carcinoma). These categories reflect the established
Bethesda System of classification for identifying cancerous
and pre-cancerous lession of cervix. System is also tested
on an online Herlev database containing 917 images which
is publicly available.1 Feature extraction is performed us-
ing Deep CNN. For feature selection unsupervised method
based on similarity measure is considered so that we can
remove the redundant features to improve accuracy of the
system. Finally performance of two classifiers namely Least
Square Support Vector Machine (LSSVM) and softmax re-
gression are monitored, followed by classifier selection based
on 5 measures namely Accuracy, Precision, Recall, Speci-
ficity and F-Score. Five fold cross validation is used for as-
sessment purpose. Output classes will reflect the degree of
dysplasia present in an image. The system is also compared
with two existing conventional methods for Pap smear clas-
sification. Extensive experiments proved that the proposed
system outperform the existing techniques.

Main contribution of the paper can be summarized as
follows - i) Database generation: A new Pap smear image
database is generated to perform all the experiments where
images are collected from two diagnostic centers. Genctav et
al [8] mentioned the difficulty in collecting real indigenous
samples for experimental purpose. To avoid ethical issues
involved in this type of studies researchers perform their
study on publicly available data. But the system developed
on those data may not show consistent result in region based
real samples. ii) In depth analysis of deep leaning features
using CNN: Although literature is rich in studying the ap-
plication of deep learning in various domains but hardly any
study reported for application of deep learning in Pap smear
classification. This motivates the current work to use deep
features in cervical dysplasia detection.

2. METHODS
The block diagram of the proposed work is shown in Fig

1. It involves 4 phases. Phase I is for database generation,
Phase II is for feature extraction using deep CNN, Phase
III is for feature selection using unsupervised technique and
final phase is for classification where output classes reflects
the established pathological classification system.

2.1 Database Generation
1611 real Pap smear images were collected from Ayursun-

dra Healthcare Pvt. Ltd and Dr. B. Borooah Cancer Insti-
tute, Guwahati, Assam. Staining and preparation of slides
were done at the respective centers by certified pathologist.
Then the images were captured by us using Leica ICC50 HD
microscope under 400X resolution with 24bit color depth.
The images were labeled based on the report collected from
the diagnostic centers. Finally an image database is pre-
pared with the help of two doctors from the respective di-
agnostic centers. Characteristic of NILM, LSIL and HSIL is
well explained in the book of Gray [9]. A sample of images
of the database is displayed in Fig 2. To check the consis-
tency of the system same set of experiments were performed

1The download link of Herlev University Pap smear
database is http://labs.fme.aegean.gr/decision/downloads

Figure 1: Block diagram of the proposed work

on Herlev University Pap smear database which is publicly
available. Details of both the database is available in Table
1. Since in Herlev database images were divided into 7 cat-
egories we have grouped them into 3 categories according
to Bethesda standard where Normal Intermediate, Normal
Superficial and Normal Columnar were included in NILM
category. Mild dysplasia is included in LSIL and other 2
categories were included in HSIL class. So final classes are
as follows- Class 1: NILM, Class 2:LSIL and Class 3: HSIL
including Squamous Cell Carcinoma.

Table 1: Details of images collected

Own database: Cell level Details
Resolution 400X
NILM 1001 (Class 1 image)
LSIL 400 (Class 2 image)
HSIL 210(Class 3 images)
including Squamous cell carcinoma
Total image 1611

Herlev University database
Normal Intermediate 70
Normal Superficial 74
Normal Columnar 98
Mild dysplasia 182
Moderate dysplasia 146
Severe dysplasia 197
Carcinoma in situ 150
Total image 917

2.2 Feature Extraction using CNN
The performance of the image retrieval system is inher-

ently depends on the effectiveness of the feature vector rep-
resenting content of the image. Recent result signify that the
generic descriptors extracted from CNNs are exceptionally
effective in object recognition and currently the hot discus-
sion in computer vision forum [14] [18]. CNNs comprise a
feed-forward family of deep networks, where in-between lay-
ers receive as input the features generated by the previous
layer, and pass their outputs to the subsequently layer. The
strength of this network is in learning hierarchical layers of
concept representation, corresponding to different levels of
abstraction. For image data, the lower levels of abstraction
might describe the different orientated edges in the image;
middle levels might describe parts of an object while high



Figure 2: Sample images of different categories

Figure 3: Block Diagram of AlexNet CNN Model

layers refer to larger object parts and even the object itself.
Deep learning methods are most efficient when applied on
large training sets [16]. In medical imaging research, such
huge data-set are difficult to get [8].

Few recent studies can be found in the medical field that
uses deep architecture methods [1, 23]. In [1], Imagenet
non-medical trained model has been used for classification of
medical images. Using same intuition, we have used Berke-
ley Caffe reference model imagenet-caffe-alex [13] for pap
smear image features extraction mechanism. AlexNet has
five convolution layers, three pooling layers, and two fully-
connected layers with approximately 60 million free parame-
ters [25]. For our work, we have chosen this network because
AlexNet is originally designed for the fixed image dimension
of 256 x 256 x3 pixels [15]. This model is also giving good
performance when the object of interest in small and ob-
scure [25]. In our case, identification of nucleus boundary is
pose more challenges for learning a successful classification
model. Fig 3 shows the block diagram of AlexNet model.

For this paper we have trained and tested the model from
scratch and no pre-trained model is used for this purpose.
System is individually trained and tested for generated sin-
gle cell and Herlev database. During the process, the image
of the medical database are re-sized to M × M . These re-
sized images are used to construct the image representative
feature vectors. CNNs comprise a feed forward family of
deep networks, where in- between layers receive as input the
features generated by the previous layer, and pass their out-
puts to the subsequent layers. The strength of this network
is in learning hierarchical layers of concept representation,
corresponding to different levels of abstraction. We choose
the output of the ‘fc7 ’ layer as the feature vector. The rea-

son we choose this layer against other layer is because the
‘fc7 ’ is the last layer before the final output layer (the layer
which output the class scores) and should contain more spe-
cific details of the images. Finally each image is represented
with 4,096 dimensional feature vectors..

2.3 Feature Selection
Selection of a smaller subset of features, retaining the op-

timal characteristics of the data, not only reduces the com-
putational time and complexity but also lead to generation
of a compact efficient model. In this paper we are trying
to use an unsupervised feature selection technique proposed
by Mitra et al [20]. It is based on measuring similarity us-
ing Maximal Information Compression Index (MICI) among
feature vectors. It is fast as it does not require any search
and feature subset is not transformed unlike Principal Com-
ponent Analysis (PCA). In involves partitioning a feature
set into smaller subsets or clusters where feature within a
cluster are highly similar but inter cluster similarity is very
low. A single feature from each such cluster is then selected
to constitute the resulting reduced subset. Detailed algo-
rithm is available in [20].

2.4 Classification
In this paper two classifiers performance is monitored namely

LSSVM and Softmax Regression and classifier selection is
performed based on 5 measures stated in Table 2.

2.4.1 LSSVM

The most critical drawback of Support Vector Machine
(SVM) is its high computational complexity for high dimen-
sional data sets. To reduce the computational demand, the
least square version of SVM (LSSVM) is adopted as classi-
fier in this paper. LSSVM avoids solving quadratic program-
ming problem and simplifies the training procedure [7].

LS-SVM was originally developed for binary classification
problems. But, a number of methods have been proposed
by various researchers for extension of binary classification
to multi-classification problem. However, one need an ap-
propriate method for solving this multi-class problem. It’s
essentially separate M mutually exclusive classes by solving
many two-class problems and combining their predictions
in various ways. One such technique which is commonly
used is Pairwise Coupling (PWC) or “one-vs.-one” is to con-
struct binary SVMs between all possible pairs of classes.
PWC uses M ∗ (M − 1)/2 binary classifiers for M number
of classes, each of which provides a partial decision for clas-



sifying a data point. During the testing of a feature, each
of the M ∗ (M − 1)/2 classifiers votes for one class. The
winning class is the one with the largest number of accumu-
lated votes. Hsu et al., shows that the PWC method is more
suitable for practical use than the other methods discussed
in [11]. Hence, we use the one against one multi-class image
classification method based on the LSSVM tool by combin-
ing all pairwise comparison of binary classifiers. The details
of the LSSVM is discussed in [27] .

2.4.2 Softmax Regression

Softmax regression is a generalization of logistic regres-
sion where we deal with multiple classes. The label y(i) =
{1, 2, ..., C} where C represent the number of classes [10].
Given a test input x, it finds the hypothesis to estimate the
probability that P (y = k|x) for each value of c = 1, 2, .., C.
Thus the hypothesis will output a C-dimensional vector giv-
ing C estimated probabilities. The softmax function ς takes
an input C- dimensional vector z and outputs a C- dimen-
sional vector y of the real values between 0 and 1. This
function is a normalized exponential and is defined as:

yc = ς(z)c =
eZc

ΣC

d=1e
zd

forc = 1, 2, ...., C (1)

The denominator ΣC

d=1e
zd acts as a regularizer to make

sure that ΣC
c=1yc = 1. We can write the probabilities that

the class t = c for c = 1...C given input z as:

P = ς =
1

ΣC

d=1e
zd

E (2)

where,

P =





P (t = 1|z)
..

P (t = C|z)





ς =





ς(z)1
..

ς(z)C





E =





ez1

..
ezC





P (t = c|z) is thus the probability that the class is c given
the input z.

3. RESULT AND DISCUSSION

3.1 Experimental set-up
Implementations were carried out in MATLAB R2016a

using Intel CORE i5 processor of 2.20GHz and 4GB RAM.
First an image repository was created where all the collected
images were stored in 3 different directories which represents
3 different classes. Images were arranged according to the
reports of the patients collected and with proper consulta-
tion with the pathologist. For assessment of the technique 5
measures are taken into consideration. These measures are
listed in Table 2.

The accuracy of classification was evaluated by computing
the number of correctly recognized class examples (true pos-
itives), the number of correctly recognized samples that do
not belong to the class (true negatives) and examples that

Table 2: Measures for efficiency evaluation of
classification tpi=true positive of class Ci, tni=true
negative of class Ci, fpi=false positive of class
Ci, fni=false negative of class Ci, l=number of classes

Assessments Fomulae

Average accuracy
Σl

i=1

tpi+tni
tpi+tni+fpi+fni

l

Precision
Σl

i=1

tpi
tpi+fpi

l

Recall
Σl

i=1

tpi
tpi+fni

l

Specificity
Σl

i=1

tni
tni+fpi

l

F score 2 ∗ Precision∗Recall

Precision+Recall

either were incorrectly assigned to the class (false positives)
or that were not recognized as class examples (false nega-
tives) [26]. The accuracy is the proportion of true results
(both true positives and true negatives) among the total
number of cases examined. Higher the accuracy, higher the
rate of truly classified classes. The value of recall reflects
the rate of miss-classification i.e., higher the value of recall,
the lower will be the rate of misclassification. On the other
hand, precision reflects the rate of false positives; lower is
the rate of false positives, higher is the precision. F-measure
is a harmonic mean of recall and precision. The value of
F-measure will be high only when both the recall and pre-
cisions are high, i.e. only when the miss-classification rates
as well as rate of false positives both are low.

3.2 Evaluation of feature selection technique
Since the feature vector extracted using CNN is of high

dimensional (of size 4096) that is why feature selection is
performed to check the presence of redundant features and
remove them to increase the efficiency of the system. The
feature selection technique used in this approach involves
two steps. Firstly, it partition the original feature set into
some clusters using kNN principle using MICI as similarity
measure [20]. Secondly, selecting a representative feature
from each such cluster. In this approach size of reduced
feature is totally determined by the parameter k. To per-
form the experiments and choosing of the effective reduced
feature size R from the original feature size D a small experi-
ment is performed. In doing so k values have chosen in such
a way that R = 100, 200, 300, ..., 4000. For each reduced
feature subset the accuracy value using LSSVM classifier is
monitored. From 1611 images collected 70% of the images
were considered as training set and rest 30% were consid-
ered as test set. The R value giving maximum accuracy has
chosen as the final R and used in further processing. Fig
4 shows accuracy vs reduced feature set having different R
value where R = 100, 200, ..., 4000. From Fig 4 it can be
observed that for R = 100 the accuracy is maximum, hence
the final reduced feature set size is considered as 100. It
was also observed from Fig 4 that higher dimensional fea-
tures of size 4096 is giving accuracy in the rage of 84-87%
for generated database. It indicate the presence of redun-
dant features in the feature vector. So after application of
feature selection accuracy improved to 90-95% which also
lowers the dimension to 100, it indicate the importance of
using this technique. It can also reduce the computational



Figure 4: Selection of reduced feature set dimension

time of the system.

3.3 Evaluation of the classification techniques
Evaluation is performed in two phase. One before fea-

ture selection and other one is done after feature selection
so that we can monitor the performance as accurately as
possible. For evaluation purpose 5 measures stated in Ta-
ble 2 were consideration namely Accuracy, Precision, Re-
call, Specificity and F-Score. Experiments were performed
on generated database as well as on Herlev database indi-
vidually. Classification is of two level - 2 class and 3 class.
In 2 level of classification the output classes were Normal
and Abnormal classes, where NILM is included in Normal
class and LSIL with HSIL is included in Abnormal class,
abnormal class also includes the Squamous carcinoma cases.
On the other hand, in 3 level of classification the output
classes are NILM, LSIL and HSIL (including squamous cell
carcinoma). For 2 level classification Softmax regression is
not applicable as it can be applied in multiclass problem
only, therefore logistic regression is used in place of softmax
regression for 2 class problems. Fig 5 displays different mea-
sures of the proposed work before feature selection and Fig
6 displays the result of the system after feature selection.
It can be observed that the result of system after feature
selection is very much satisfactory. 5 fold cross validation is
performed to achieve good assessment of the system. K fold
cross validation is one of the best techniques for training and
testing a given module to increase the performance of the
system on the data already available. In this case dataset
is divided into k subsets and the method repeated k times.
Each time one of the k subsets is used as test set and other
k − 1 subsets are considered as training set. The advantage
of this technique is that the technique does not affected by
the matter how the dataset are divided. It can represent the
given dataset nicely. Using this technique the developer is
independent of choosing the size of train and test set based
on K- folds used. Here to get the advantage of this tech-
nique also keeping in mind that it should not increase the
computational time to an extent because of the repetition
performed, we choose k = 5 for computation purpose.

It can be observed from the results of Fig 6 Softmax Re-
gression perform better then LSSVM in case of 3 level clas-
sification. To delve deeper into the study next set of experi-
ments were performed to check whether the adopted model

using softmax regression fit the data or not. For this purpose
statistical approaches were followed to compute the good-
ness of fit using Pearson chi-square analysis. Along with it
model fitting information were observed carefully to check
its significance. The observed value of dF and p is displayed
in Table 3. p value ‘indicate 1% level of significance’ when
p < 0.01 and when p < 0.05 it ‘indicate 5% level of signif-
icance’. On the other hand, higher the value of dF more
efficient is the model. Values obtained from Table 3 proved
that the model very much fit the data and softmax regres-
sion can be efficiently use in 3 level classification.

Table 3: Result of Statistical Analysis
Model fitting information

Database used dF p
Generated 202 .000
Herlev 200 .000

Goodness-of-fit
Generated 3018 .000
Herlev 1630 .050

3.4 Comparison with two existing technique
specifically applied to Pap smear image clas-
sification

Next set of experiments were performed to further justify
our work by comparing the proposed work with two existing
conventional techniques of Pap smear classification [4][12].
The researchers of both paper performed their experiment
on Herlev database. But to check consistency of the system
developed and for deliverable output to society one must
test their system with real time data. In [4], authors have
tried to extract 9 features including morphometric and tex-
tural features. In [12], 20 features were extracted from pap
smear images and all of them describe morphology (such
as size and shape) of cervical cell. Then classified using
some known techniques like SVM, KNN etc. They have ba-
sically followed segmentation based approaches to extract
the features. But the main disadvantage of segmentation
based approaches is that they are not perfectly ideal. No
segmentation technique can give 100% accuracy under any
circumstances. It can be observed from the results of Fig
7,8 that proposed system outperform both the techniques
using LSSVM or Softmax as classifier and deep CNN as fea-
ture vector design principle. The proposed system directly
extract Deep features using CNN without segmenting the
region of interest. So one of the advantage of this technique
is that it does not incorporate the disadvantage of segmen-
tation based approaches. Also CNN can perform multiple
level of representation of an image and extract best possi-
ble features hidden in an image which is not possible using
conventional techniques.

One drawback of Deep learning based technique is that
its training time is high as compared to conventional tech-
nique and this mainly arises because of larger feature set di-
mension. This high dimensional feature may contain some
redundant information as in this case, where classification
result with 4096 features is in the range of 84-87% as shown
in Fig 5. But after application of feature selection technique
accuracy improved to the range 90-95% (Fig 6). In future if
we can increase the training sample size then deep learning
based technique will outperform all the existing techniques.



Figure 5: Result of classification before feature selection using both databases

Figure 6: Result of classification after feature selection using both databases

4. CONCLUSIONS
With the increase in the number of patients, pathologist

face a substantial increase in the workload. CADx systems
can play an important role in reducing false negative cases
so that they can concentrate more on suspicious cases. In
this paper we have introduced ‘deep learning’ as a tool for
efficient and accurate identification of dysplasia from Pap
smear images. This type of automated system can help in
early detection of cervical cancer. Main importance is given
on constructing an effective feature vector representing the
image’s content. Experimental evaluation has proved that
the proposed system is efficient and improves classification
performance. Objective of such system is to increase effi-
ciency by reducing inter-observer variations. Proper train-
ing and testing of the system on databases collected from
different sources will surely increase the applicability of the
system in medical imaging field. Further studies will in-
clude more combination of classifiers and feature selection
techniques to improve the accuracy of the system.
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