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ABSTRACT

Traditional screening of cervical cells largely depends on the experience of pathologists, which also has
the problem of low accuracy and poor efficiency. Medical image processing combining deep learning and
machine learning shows its superiority in the field of cell classification. A new framework based on strong
feature Convolutional Neural Networks (CNN)-Support Vector Machine (SVM) model was proposed to
accurately classify the cervical cells. A method fusing the strong features extracted by Gray-Level Co-
occurrence Matrix (GLCM) and Gabor with abstract features from the hidden layers of CNN was con-
ducted, meanwhile the fused ones were input into the SVM for classification. An effective dataset ampli-
fication method was designed to improve the robustness of the model. The proposed method was
evaluated on two independent datasets with the metrics of accuracy (Acc), sensitivity (Sn), and specificity
(Sp). Our approach outperformed than the state-of-the-art models with the Acc, Sn, and Sp of 99.3, 98.9,
99.4 for 2-class detection in the mass, respectively. The results indicated that the strong feature CNN-

SVM model could be applied in cell classification for the early screening of cervical cancer.

© 2020 Elsevier B.V. All rights reserved.

1. Introduction

Cervical cancer is the second leading cause of death among
malignancies, which has brought a fatal impact on women around
the world [1]. Due to the harsh medical and living environment, 85
percent of the cervical diseases occurred in underdeveloped or
developing countries [2]. Cervical cancer is usually early detected
before deterioration because precancerous lesions can be found
and treated by the Papanicolaou (Pap) test [3]. Therefore, regular
early screening and treatment can effectively reduce the mortality
of cervical cancer. Traditional cytology test, such as pap smear test
requires cell-level examination using a microscope by pathologists
for detecting nucleoplasm and karyoplasm variation, which brings
burden to their work also causes errors to the test [4]. Computer-
based systems considering various features of cells similarly to
manual diagnosis are becoming supplementary approaches to
effectively detect and analyze cell images. The task of cell classifi-
cation for cervical cancer screening has become a key researching
content in auxiliary diagnostic systems.

At present, many methods for cell classification have been pro-
posed in the literature [5-7]. The mainstream cell classification
methods in machine learning are generally based on feature
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extraction, which improved the accuracy of classification mean-
while reducing the computational complexity. Some commonly
used features for cervical cells are nuclei and cytoplasm brightness,
chromatin patterns and texture, combined morphology and color
features, as applied in literature [8-10]. SVM is one of the most
cited techniques for illness treating like cervical cancer [11]. For
instance, Cheng et al. [12] applied SVMs with several filters and
parameter sets for feature selection to detect cervical cells. Hyeon
et al. [13] also introduced least square support vector machine
(LSSVM) for softmax regression using the features extracted from
CNN and produced good results, which is also one of the work
for reference by the proposed model. An Radial Basis Function
(RBF)-SVM also achieved the satisfying result and outperformed
than methods of logistic regression and random forest by Bora
et al [14]. Gupta et al. [15] proposed Artificial neural networks
(ANN) on cervical cell classification and evaluated the model with
an accuracy of 78.0%. Gen¢Tav A et al. [16] aimed at the problem of
unbalanced medical dataset and applied an unsupervised approach
for classification of cervical cells without any parameter adjust-
ments. Y Marinakis et al. [17] combined particle swarm optimiza-
tion with k-nearest neighbors’ (k-NN) membership values and
outperformed than other basic classifiers. Bora et al. [5] used an
ensemble model with a weighted majority voting of other classi-
fiers and obtained good performance. It is summarized that single
machine learning model could achieve classification results while
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as for more complicated datasets ensemble approaches usually
behave better.

Deep learning based cell image analysis on cervical cancer has
been generalized due to the development in image processing
methods and computing power [18]. More deep learning technolo-
gies are also being applied to various fields related to medical
treatment [19-21]. CNN as one of the deep learning approaches
was widely applied for detection and classification of cervical can-
cer [22]. Such as Zhang et al. [18] applied a fine-tuning AlexNet to
classify nuclei-centered image patches on two Pap smear datasets
and obtained good results. Data augmentation was also employed
due to the lack and unbalanced medical datasets [23]. Jith et al.
[24] proposed a smaller model with only three of the AlexNet’s
convolution layers and obtained a more viable method for cell clas-
sification. An AlexNet approach was applied by Gautam et al. [25]
and achieved a better accuracy in 2-class and 7-class problem.
Some approaches [26-28] also introduced CNNs in feature extrac-
tion process to obtain the abstract characters of cells, then machine
learning models like SVM are used for classification. These combi-
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nations of different models behaved better in classification task
than single approaches. Although the outcomes of mentioned
models achieved promising results, they still have some space for
improvement on the existing accuracy, which actually motivated
our work to establish the strong feature CNN-SVM model to effi-
ciently detect cervical cells for classification.

A new cervical cell classification approach was proposed in this
paper, which was based on strong feature extraction and CNN-SVM
model. The workflow of the method is shown in Fig. 1. In our
approach, a novel feature extraction method named GLCM+Gabor
was first applied to extract the strong features, relevant experi-
ments were conducted considering the accuracy to propose this
method. Besides, the hidden layer of LeNet-5 model was used as
the CNN feature extraction module to get the other abstract fea-
tures, which are more scientific and not easy to cause the overfit-
ting of the mode 1 [29]. Later, these two kinds of features are fused
according to the optimal proportion from experiment after dimen-
sion reduction. Finally, the fused features were input into the SVM
classifier for cell detection and classification. The proposed ensem-
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Fig. 1. Flow chart of the proposed classification algorithm based on strong feature CNN-SVM model.
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ble model was more stable and behaved better in robustness
[27,28]. Our approach was evaluated with the Herlev public data-
set and a private dataset using data augmentation, and compared
with baselines as well as some state-of-the-art models. Results
showed that the proposed method outperformed than other
related approaches in term of accuracy, sensitivity, and specificity.
Therefore, the method in this paper will greatly reduce the work
intensity and detection cost of cervical cancer, meanwhile improv-
ing the detection efficiency and the accuracy of screening, so that
indirectly reduce the mortality of the patients with cervical cancer.
The rest of the paper is organized as follows. Experimental
design is described in Section 2. Section 3 introduces the details
of the proposed method. Section 4 talks about the experimental
results and discussions. Conclusions are given in Section 5.

2. Experimental design
2.1. Data description

The proposed method in this paper was tested on two different
datasets, including a publicly available dataset Herlev and one pri-
vate dataset. The private dataset contained 2000 cell images from
200 patients who have conducted cervical cancer screening from
August 2016 to December 2017 in Guangdong Province People’s
Hospital, which is our cooperative medical unit. All the data have
been examined by the hospital ethics committee, whose sensitive
information have been removed, including name, age, etc. And they
will only be used for medical purpose with the requirement for
informed consent waived.

50% of 200 cervical liquid-based cell slides in private dataset
mentioned above are cervical cancer positive samples, the remain-
ing 50% were negative samples. The final criterion for cervical can-
cer samples come from FIGO (International Federation of
Gynecology and Obstetrics) and IGCS (International Gynecologic
Cancer Society). Clinically, cervical cancer is classified into stages
0, II, Il and IV according to the biopsy results. 40% of our cervical
cancer positive samples are stage 0 and the rest of samples are
stagel. The main way of preventing cervical cancer is early screen-
ing, which is the reason to set the dataset like this. Instruments for
private dataset establishment were color industrial camera
(DFK33G274, Imaging Source) and microscope (DM3000, Leica),
which made the total magnification of our image are 200 times.
Through the self-assembled scanning system, 100 cell images can
be obtained from each liquid-based cell slide, 10 typical cells were
selected from each sample. The resolution of each cell image is
70 x 70. Pathological diagnosis has been confirmed by biopsy
and case screening, cell images have been marked by four experi-
enced doctors.

In addition to the private dataset, we also conducted model
testing on the public dataset Herlev, which have 917 cells in total.
Herlev images will be adjusted to the size of 70 x 70 in favor of
being input into CNN before feature fusion. Model evaluation of
2 and 7 class was conducted respectively. Detailed descriptions
of these two datasets are as shown in Table 1. Typical cells in
two datasets are shown in Fig. 2, pictures of single position in
slides are shown in Fig. 3. The upper parts in Fig. 3 are images of
negative slides, and the lower parts are positive ones.

2.2. Data preprocessing

In order to increase the robustness and the generalization abil-
ity of the model, it is often necessary to cover the sample space as
much as possible [30]. As for the strong feature CNN-SVM network
proposed in this paper, more effective data will bring more valid
information for the model. However, it is difficult to ignore the
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Table 1
Detailed description of the proposed 2 datasets.
Dataset Private Herlev
(a) Stage 0O (positive) 331 (a) Superficial Squamous Epithelial 74
(b) Stage 1 (positive) 269 (b) Intermediate Squamous Epithelial 70
(c) Negative 1400 (c) Columnar Epithelial 98
(d) Mild Dysplasia 182
(e) Moderate Dysplasia 146
(f) Severe Dysplasia 197
(g) Carcinoma In Situ 150

problem of insufficient medical image data and unbalanced sample
types. Aiming at this problem, an effective way is to create slightly
changed copies using the existing data, which needs to follow the
natural law in the process of image acquisition. For example, med-
ical image data remains effective when the lens rotates, while we
only get one sample at a time in the same position. The knowledge
was summarized by human beings, while the model knows none
about it. From this point of view, dataset expansion is also a
method of manual supervision. The proposed data expansion
method is only used for private dataset in order to facilitate the
comparison of accuracy. Herlev dataset remained the same.

Dataset was mainly expanded by methods of rotation, scaling,
random crop, and shear-warp transformation in this paper. It
should be noted that the newly expanded data should keep their
attribute labels unchanged. Technical details of the dataset expan-
sion methods are as follows. Each specific way of dataset expan-
sion is called as mode. RO (Rotation), SA (scaling), RA (random
crop) and SH (shear-warp transformation) are listed according to
the naming style. The optimal expansion method will be selected
by conducting different dataset amplification methods and their
combinations in experiment.

(1) Rotation

Rotating the original image in a clockwise direction of 6, 6<(0°,
360°). As is shown in Fig. 4, the coordinates of point (xo,y,) turned
to (x1y,) after the clockwise rotation of 6, 8 = 90°, 180°, 270° are
conducted to turn the original images. The dataset with an original
capacity of N can be expanded to the number of 4 x N after the
image is rotated as is depicted in Fig. 5.

(2) Scaling

Image scaling simulates the imaging status of different multiple
microscopes in operation, which is essentially to zoom the vector
of each pixel in X and Y directions. Each cell image will be doubled
and halved compared to its primary size, so that the private dataset
can be expanded to three times of its original size, as shown in
Fig. 6.

(3) Random crop

Random crop only improved the accuracy of the model, but also
enhanced its stability [31], especially when the transformation
range is appropriate [32]. The cropping ratio is scaled relatively
to the horizontal and vertical direction, whose implementation is
shown in Fig. 7.

Fig. 7 a) shows the original image that needs to be cropped. The
small area in the dotted line frame in Fig. 7 b) is the value range of
the upper left image after cropping. The point in this region is ran-
domly selected so that the ratio of random crop is random, which
can be achieved as in Fig. 7 c¢). We clipped the 1/3 position of the
whole image to achieve the expansion of dataset in this way.
Modes with random crop operations were recorded as RA1, those
without were recorded as RAO.

o
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(©) (d) (e)

Private dataset: . . .
(a) (b) ()

Fig. 2. Samples of Herlev & private dataset.

(a) (b)
(c) (d)

Fig. 3. Sample images of the single location in private dataset.

Herlev dataset:

(8)

(4) Shear-warp transformation

Samples may be uneven or inclined due to the problem of pro-
duction flow. For instance, the angle of the camera lens is not com-
pletely perpendicular to the slides. Shear-warp transformation is
applied to simulate the similar distortion of images in X and Y
direction meanwhile expanding datasets. Shear-warp transforma-
tion is calculated according to the mathematical matrices in Fig. 8. r

The target pixel is calculated by the nearest-neighbor interpola-
tion considering the influence on decimal part of pixels when coor-
dinates change [33]. Angles of shear-warp transformation are
horizontal (SH1), vertical (SH2) and 60° (SH3), the mode without
shear-warp transformation was recorded as SHO. The diagram of 7]
shear-warp is shown as follows in Fig. 9.

-
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2.3. Evaluation metrics a

Y
=

Medical image classification does not only require high accu- 0
racy, the sensitivity and specificity are also closely connected with
the evaluation of models. Following evaluation criterions are given
in order to calculate the metrics of different approaches. Fig. 4. Schematic diagram of image rotation.
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Fig. 5. Original (RO0) and 6 = 90°, 180°, 270° (RO1, RO2, RO3) rotating mode of the image.

Fig. 6. Original cell image (SC0) and its half-doubled (SC1, SC2) conversion diagram.

a) b) c)

Fig. 7. Sketch map of random crop.

1 —tanx 1 0
0 1 —tanax 1

Fig. 8. Matrix of X-direction and Y-direction shear-warp transformation.

The equations of accuracy, sensitivity and specificity is defined
as follows.

TP + TN

A= I INTFP LN

)

Fig. 9. Sketch map of shear-warp transformation.
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The accuracy Acc refers to the proportion of the samples cor-
rectly classified in the total sample size, which represents the cor-
rectness of whole model; S, is the percentage of true positive cases
from all the positive ones, the higher sensitivity is, the lower prob-
ability of missed diagnosis will be; S, is the percentage of samples
correctly classified as negative from the total actual negative cases,
the higher specificity is, the less chance of misdiagnosis there will
be. In order to demonstrate the superiority of the proposed system,
three indicators mentioned above are applied to evaluate the sys-
tem performance.

3. Methods

The proposed approach consisted of three main parts, which are
feature extraction, feature fusion and cell classification. The
abstract features extracted from the hidden layer of LeNet-5 [34]
are fused with the strong features after dimension reduction, then
fused features are input into the SVM classifier for classification.

3.1. Feature extraction

3.1.1. Strong feature extraction

The changes of cell features in texture, morphology and chroma
are very important for the detection of cancerization, which are
called strong features in this paper. In order to extract the strong
features of cell image and fuse them with the abstract features
extracted by convolutional neural network, several common fea-
ture extraction methods were introduced to select the best strong
feature extraction approach.

(1) Gray-Level Co-occurrence Matrix (GLCM)

GLCM is a statistical analysis method, which is achieved by cal-
culating the gray level image, then some eigenvalues of the matrix
are obtained by applying the co-occurrence matrix to represent the
texture features of image respectively. GLCM can reflect the com-
prehensive information of image gray level about direction, adja-
cent interval, and variation range, which are the basis of
analyzing the local patterns of images. Contrast, energy, entropy,
correlation, and other features were applied to represent texture.
The advantage of GLCM is that it is simple and easy to be imple-
mented. And it specially suits images without obvious regularity,
like the random patterns in cell images.

(2) Fourier transformation

Fourier spectrum contains abundant image information and can
roughly describe texture patterns. The energy distribution of the
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Fig. 10. Sample images and their Fourier spectrum.

image can be observed by the conduction on 2-dimensional Fourier
transformation. If there are more dark points in the spectrum, it
shows that the actual image is softer; while if there are more bright
points, the actual image is sharper, which means the contrast is
stronger and the boundary is clearer. The first line of Fig. 10
showed four texture images with obvious directivity, periodicity
and randomness. The second line of Fig. 10 is the corresponding
Fourier spectrum.

(3) Gabor transformation

Gabor transformation is very sensitive to the local space. When
the standard Gauss kernel function is used, the rotation angle of
the Gauss kernel function is the same as the angle of the sinusoidal
plane wave, the Gabor function is simply described as follows.

(x,y,w,0) = 1 ex xy? exp | iwx —ex wa?
(p ’y7 ) _W p - 20.2 p - p - 2

4)
X' = xcos6 + ysind
y' = ycosf + xsinf (5)
w = 2nf

The feature extraction of Gabor is mainly reflected in the fre-
quency scale f and the angle parameter 0, in which f represents
the central frequency of the filter, and 0 is its angle. Various filters
can be achieved by combining different f and 0. 0 is selected in
eight directions 0, /8, ©/4, 3n/8, ©/2, 57/8, 3n/4, 7t/8 in this
paper. f is selected in five scales such as f =0,1,2,3,4 to filter
the image of cells. A total of 40 texture features can be obtained
in eight directions and five scales, which also generated 40 filters.
40 Gabor feature maps in Fig. 11 are obtained after 40 kinds of fil-
tering using the sample image. It is concluded that Gabor kernel
can capture the spatial frequency of different directions in the local

area as well as some structural features. The Gabor nucleus has
strong ability of feature extraction and good spatial locality as well
as direction selectivity.

(4) Markov random field

The feature extraction method based on Markov random field
can extract feature points adaptively without manual parameter
adjustment [35]. This algorithm is simple in calculation, relatively
fast in speed and adaptive. The label set is selected by calculating
the random field corresponding to each label adjustment. The opti-
mal label set is found to extract the feature points until the energy
of the whole system is stable.

3.1.2. Feature extraction using CNN

The hidden layer of LeNet-5 model is used to extract the CNN
features in this paper. Fig. 12 is the schematic diagram of the net-
work for extraction.

As is shown in Fig. 12, the first layer of the neural network is the
input layer, the input image are epithelial cells with the size of
70 x 70. C1 layer of the network consisted of five convolution
cores, the size of each group’s visual field window was set to
5 x 5, the sliding window step was 1. C1 layer was obtained by
convoluting visual window with the input image. Therefore, the
C1 layer included five feature maps, the size of each feature map
is (70-5+1)x(70-5+1) =66 x 66. S2 is the downsampling
layer, which used the max-pooling for downsampling. It also
applied the pooling window of the 2 x 2 size with a 2 steps length.
Areas of 2 x 2 sizes in the original feature graph were selected
without overlapping, the maximum value in the area is taken as
the unique value for new feature map. Due to the mapping relation
between convolution layer and subsampling layer, there are still
five feature maps in the layer S2. And the dimension of each fea-
ture map is (66/2) x (66/2) = 33 x 33. The feature map of layer
S2 was convoluted by the visual field window with the size of
5 x 5, the step size of sliding window was also set to 1, the number

by
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(a)

(b

Fig. 11. Gabor feature map with different filtering scale f and frequency angle 6.

I: 70%70 Cl: 66%66 S2: 33%33 C3: 29%29 S4: 15%15
r [
~ [T
Receptive field Lower sampling Receptive field Lower sampling
5%5 2%2 5%5 2%2

Fig. 12. Proposed LeNet-5 model for feature extraction.

of feature maps was 12, in this way the layer C3 was obtained. As
for layer C3, the dimension of each feature graph was
(33-5+1)x(33-5+1)=29x29. $4 is a pooling layer with
the max-pooling method. The pooling window size was also set
to 2 x 2, step size was 2. So S4 layer has the same 12 feature maps
as C3 layer after mapping, and the dimension of each feature map
is (29+1)+2=15, so the final feature dimension is
15 x 15 x 12 = 2700. In addition, sigmoid function was used for

all activation functions in CNN. Parameters of CNN network is
shown in Table 3.

3.2. Multi feature fusion
The features extracted by CNN are first normalized before being

fused with strong features, after that the serial fusion is carried out.
Finally, the Principal components analysis (PCA) method was

C}JL?DP
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C3: f. maps 16@10x10
S4: f. maps 16@5x5

C1: feature maps
6@28x28
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32x32

Subsampling
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Fig. 13. Structure diagram of classical LeNet-5 neural network.

applied to reduce the dimension of fused features. Feature fusion is
conducted as follows.

(1) Standardization of parameters

l_xiiﬂ
X =" (6)

U, o are the mean and standard deviation of the eigenvector
parameters respectively in formula 6,

(2) Multi feature serial fusion

After standardization, the Gabor + GLCM feature vector is
X1 = [X11.X12, - - - X1.m}, and the vector of abstract features extracted
by CNN is X, = [X21 X2z, - - - X2 5] After the serial combination, fused
feature W = (wy,wy, -+ -, Wpyn) = (X1, fX2) was obtained. o and g
are weighted coefficients for the features of strong feature and
CNN, representing the weight of different features after fusion.
The range of values is (0,1) and o + 8 = 1. A group of experiments
showed that when o = 0.4, = 0.6 were set, the classification
effect was the best.

(3) Feature dimensionality reduction

After the multi feature serial fusion, the dimension of the fea-
ture vector W is up to 2700 + 2560 = 5260. If the fused feature is
directly input into the SVM classifier, the computational complex-
ity is too high that the classification performance is also affected.
Therefore, the PCA method is used to reduce the dimension of
the eigenvector W.

The overall scatter matrix P for the set of training samples is
shown as follows:

1

N 2 (a; —m)(a; —m)" = AAT (7)

M=

j -

Il
—_

In the formula (7), a; represents the training samples,

m=4 XN:ai represents the mean vector of sample A, and N is the
i1

number of samples in A. A set of eigenvalues and the corresponding
eigenvector can be obtained by solving the matrix P, and the vec-
tors are sorted according to the size of their eigenvalues. A m x n
dimension transformation matrix S can be created by applying
the former n column vector. Finally, PCA is used to reduce the
dimension of the fusion features and get the first 799 dimensional
features, so that the characteristic matrix W,q9.y can be trained.
Similarly, assuming the number of test samples is M, there is a test-
ing characteristic matrix W;gg.um.

3.3. CNN-SVM network model

3.3.1. Dual channel network structure

CNN is a network structure which has been developed in recent
years. The neurons between its adjacent layers are not fully con-
nected, but partly linked, which means that the perceptual region
of a neuron comes from part of the neurons in the upper layer. The
convolution layer and the max-pooling layer constitute the hidden
layer of CNN, which can be connected in series [36]. The structure
of the proposed LeNet-5 neural network is shown in Fig. 13 Table 2.

The core idea of SVM is to find an optimal hypersurface to max-
imize the distance between the two sides, meanwhile achieving
the 2 classification. Linear classifier is mostly used to find the
hyperplane in multidimensional space to divide two types of sep-
arable eigenvectors, as shown in Fig. 14.

In general, the classical convolution neural network can be
applied as the feature extraction module and classifier [37], layers

Table 2
Evaluation criterion confusion matrix.

Prediction example (P’) Negative prediction (N’)

Actual positive example  True example (TP) False negative example

(P) (FN)
Actual negative example False positive example  True negative example
(N) (FP) (TN)

Table 3
CNN network parameter setting.

Layer category number of feature graph feature graph size

Input layer I 1 70 x 70
Convolution layerC1 5 66 x 66
Lower sampling layerS2 5 33 x 33
Convolution layer C3 12 29 x 29
Lower sampling layer S4 12 15 x 15

Fig. 14. Schematic diagram of linear SVM.
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of CNN can be used to extract the features of the image. Features
extracted from convolutional neural networks are more abundant
and applicable than those extracted manually by adjusting the
parameters. CNN itself can accomplish the task of classification
independently, while the recognition effect of traditional model
is limited. SVM classifier is usually introduced to improve the
recognition effect of CNN, whose full connection layer is replaced
by SVM, the remaining convolution layer and sub-sampling layer
automatically extract features from the input data. These fused
features are processed by SVM algorithm to achieve the cell classi-
fication, which is the CNN-SVM classification network.

Strong features have important reference value for the judg-
ment of cervical cancer. However, features extracted by convolu-
tional neural network are abstract that the physical meaning is
not clear. Therefore, in view of strong features, we proposed the
method of fusing strong features extracted by prior knowledge
with the abstract features extracted by convolutional neural net-
work after standardization as well as dimensionality reduction
and input them into the trained SVM model. The topology struc-
ture of the model is shown in Fig. 15.

In this model, feature extraction is divided into two parallel
paths, which are strong feature extraction and convolution neural
network path. The network integrates two features in serial and
input them into the SVM classifier.

3.3.2. Cancer epithelial cell recognition
The training steps of strong feature CNN-SVM classifier for cell
classification are as follows.

Algorithm The training algorithm for strong CNN-SVM
1 model

Step 1

Judge the training sample set: if the sample size
is insufficient, sample set will be amplified;
otherwise, the algorithm will directly enter the
next step

Create CNN network, randomly initialize CNN
and SVM parameter values

Generate the Gabor filter and combine with
GLCM, extract the total 40 feature maps of
0=0,n/8,m/4,3n/8,m/2,51/8,31/4,71/8
direction and f = 0,1, 2, 3,4 scale from the
sample image I;.9 x 9 grid is used to reduce the
dimension of 70 x 70 feature to 8 x 8, the first
link of the feature graph form the feature vector
X = [X11<X12.“'X1.m}

Sort the same sample image and input into the
CNN to calculate the output of hidden layer,
meanwhile extracting the characteristic part
Xip = [X21.%22, -+ Xa.1]

If all samples have been extracted, continue;
otherwise, go to Step 3

Strong features of all samples are

X1 = [X11.%12, - - X1 ], features extracted
automatically by CNN are X, = [X21 X2, - X2 n].
X1,X, are normalized and serially fused to
obtain the fusion feature

W= (W1,W27 s 7WM+N) = ((XX] s ﬂXz) Finally,
the PCA method is applied to reduce the
dimension of W and get the final fusion feature
vector W*.

Input the feature vector W* to SVM and train
model until reaching the allowable range of
error or the maximum number of iterating
generations

Step 2

Step3

Step 4

Step 5

Step 6

Step 7

4. Experimental results and discussions

The experiment was implemented under Microsoft Visual Stu-
dio 2013 and Python 2.7 platform, which is executed on a com-
puter with 2.8 GHz Intel Core i7 processor and 16 GB memory.
Experimental data were derived from the private dataset and the
publicly available Herlev dataset introduced in Table 1. The results
obtained in the experiment were the optimal ones.

4.1. Comparisons of dataset expansion

The private dataset is divided into training set and testing set
according to the ratios of 4:1, fusion ratio was 2:8. In this paper,
the size of the image is set to 70 x 70 pixels, and the weighted vote
is carried out by using the Gaussian distribution weight with the
standard deviation of 35 pixels. System accuracy is the average
value of all data blocks using the 5-fold cross-validation.

The parameter settings of model A-I are listed in Table 4. RO
(Rotation), SA (scaling), RA (random crop) and SH (shear-warp
transformation) were conducted on original pictures. Data of mode
A is not expanded as a baseline for experimental comparison.

From the comparison of mode A&I, mode RO can improve the
accuracy, indicating that the rotation operation is effective and
should be considered. As for mode A&B&C, mode SC need to be
used with caution, scaling mode SC0-SC1 can improve the accuracy
while mode SCO-SC2 decreased the accuracy rate in contrast.
Experimental results show that a certain degree of scaling can
improve the accuracy and enhance the robustness of the model,
such as model B; but excessive scaling can lead to a decline in
accuracy, such as model C. From the comparison of mode A&D
and mode C&E, random crop can effectively improve the accuracy
of the model, which also conformed to the general rules of model
training. As for the mode A&F&G&H, shear-warp transformation
was not stable for improving the performance, comparison
between the models showed that the optimization effect is not
obvious, and the accuracy of the modified model was lower than
original. Subsequently, no shear-warp transformation will be
applied in this paper. In summary, considering the advantages of
model A&B&D&ERI, model J was chosen as the best model, and
the accuracy of model ] was 91.1% by comparing and analyzing dif-
ferent dataset expansion technologies.

Besides, an experiment on exploring the relationship between
dataset size and accuracy was conducted. Training conditions
remained the same. Considering the results in Table 4, datasets
were amplified using the approaches of rotation, scaling and ran-
dom crop. Therefore, the largest magnification times reached
4 x 3 x 2 = 24, while the minimum kept 1. Changes of three eval-
uation parameters under datasets of different sizes are shown in
Fig. 16.

It is concluded from the Fig. 16 that three types of parameters
gradually increased upward as the size of datasets grew. The pro-
posed model behaved the worst when the dataset magnification
was three. The Model effect performed best when its size maxi-
mized. Besides, the sensitivity and specificity curves were rela-
tively stable, and the accuracy kept above 85%. This experiment
showed that the strong feature CNN-SVM model proposed in this
paper had good robustness with the increase of dataset, its model
performance may be further improved in larger and more balanced
datasets.

4.2. Comparison of strong feature extraction methods

In the analogy experiment of strong feature extraction meth-
ods, we investigated different feature extraction methods and
their combinations based on the accuracy and efficiency of clas-
sification using our private dataset. All the images have been

o
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Fig. 15. Topology diagram of CNN-SVM model based on strong feature.
Table 4
Parameters of dataset expansion settings.
Strong characteristic CNN-SVM Rotation Scaling Random crop Shear-warp transformation Dataset expansion Accuracy
network mode mode mode mode multiplier
A ROO SCo RAO SHO 1 88.6
B ROO SCO-SC1 RAO SHO 2 89.0
C ROO SCO-SC2 RAO SHO 3 85.4
D ROO SCo RA1 SHO 1 89.2
E ROO SCO-SC2 RA1 SHO 3 86.7
F ROO SCo RAO SHO-SH1 2 84.6
G ROO SCo RAO SHO-SH2 3 86.8
H ROO SCo RAO SHO-SH3 4 85.4
I RO0-RO3 SCo RAO SHO 4 90.3
] RO0-RO3 SCO-SC1 RA1 SHO 8 91.1
94 - Table 5 introduced the accuracy and running time of each fea-
93 4 ture extraction method on different image sizes. It is concluded
9 | that the performance of GLCM + Gabor was better than that of
91 A other methods, both in accuracy and processing time. In addition,
290 A Gabor transformation and Fourier + Gabor also gave a similar result
E 89 to GLCM + Gabor, whose performances were better than other
E 88 methods. While MRF obtained a relatively low accuracy. We spec-
87 ulate it is because MRF only considers the features of a point that
86 relates to a small area nearby, rather than the other regions. Private
85 cell images have continuity on the pixels, and the gray value of the
84 : : : : . . . cell has some relationship with the background, so the classifica-
1 2 3 4 6 8 12 24 tion effect of MRF is not ideal. The running time of GLCM was
Magnification shorter than that of the others, while its accuracy was not the high-
A Sensitivit Soecificit est. Moreover, the operation speed of small pictures was better
—— T —o— NnS1t1vi —— 1T1C1 . .
ceuracy ensttvity pecthictty than that of larger ones, and the running time of the same method
Fig. 16. Comparison of model accuracy under different scale datasets. on different data can be compared horizontally. It is concluded that

cut and normalized to the size of 70 x 70. In order to further
expand the experiment, the gray images of 48 x 48 were also
normalized.

In this section, strong features of samples from private dataset
were extracted with GLCM, Fourier transformation, Gabor transfor-
mation, Markov random field and their combinations. Later the
dimensions of feature vectors extracted from feature maps were
reduced to get similar dimensions with those extracted by CNN.
The proportion of feature fusion is set to 1:1 consistently to control
variables. Feature vectors were input into the SVM classifier for
classification after feature fusion. Ratio between the training set
and the test set was divided into 4:1, accuracy is calculated accord-
ing to 5-fold cross-validation. Different feature extraction methods
and their corresponding accuracy are shown in Table 5. Besides,
total time of each feature extraction method has been recorded
and used for comparative experiments.

GLCM based on statistical analysis and Gabor filter based on signal
analysis have better classification accuracy and response speed
when used jointly. Therefore, GLCM + Gabor method is applied as
the strong feature extraction method in this paper.

4.3. Experiment on weight selection of multi feature fusion

Strong features and CNN self-extracted features are fused to get
a new feature W = (wq, Wy, -+, Wnin) = (aX1,5X2), o+ p=1.
Weights o, p are selected in order to get the best classification
performance.

The private dataset weas applied for 5-fold cross-validation,
ratio of training to testing set was 4:1. Different weights and exper-
imental groups were set up and sent to strong feature CNN-SVM
classifier with Gauss kernel function. Table 6 shows the accuracy
of 10 datasets under different combinations of o, 8.

It is concluded from the data in Table 6 that the accuracy of
classifier increased with the ratio of «, 8 gradually balanced. The
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Table 5
Accuracy and running time of feature extraction methods on private dataset.
Method 70 x 70 48 x 48
Accuracy Time (s) Accuracy Time (s)
GLCM 88.6 31 89.1 27
Fourier 89.8 46 89.5 141
Gabor 91.3 53 90.1 48
MRF 75.7 38 76.5 35
GLCM + Fourier 87.0 48 84.4 45
GLCM + Gabor 92.1 46 90.9 49
GLCM + MRF 89.5 58 87.3 42
Fourier + Gabor 91.4 45 90.7 43
Fourier + MRF 85.9 44 82.8 49
Gabor + MRF 82.6 50 79.3 45
classifier obtained the highest accuracy when o/ = 4/6, which Table 7
was chosen as the optimum proportion. Accuracies (%) and sensitivity (%) of 2-class classification using private dataset.
CNN layer Accuracy Sensitivity Specificity
4.4. Feature extraction experiment of CNN Convolution layer C1 90.4 90.0 90.2
Lower sampling layer S2 94.2 92.0 92.3
Aiming at evaluating the performance of CNN model as the fea- CO“"Olunonl!ﬂyelf a 93.2 91.8 917
ture extraction method and its effects in the classification of cell Lower sampling layer 54 94.5 93.0 935
images from different datasets. Features from various layers of
CNN were picked out for feature fusion and then input into SVM bl
for classification. 2-class classification task are implemented using Table 8 . N — )
. . . Accuracies (%) and sensitivity (%) of 2-class classification using Herlev.
the private dataset and Herlev, accuracy, sensitivity, and specificity
were considered as evaluation indexes. Training set and testing set CNN layer Accuracy Sensitivity Specificity
is still divided as 4:1, the average of classification metrics was cal- Convolution layer C1 97.5 97.7 98.0
culated by the method of 5-fold cross-validation, fusion ratio is set LOWGflsa{“PI;“g layer 52 98.5 97.3 98.3
as 4:6. Tables 7 and 8 summarized the performances of each layer. Convolution layer C3 98.9 98.6 98.8
p Y Lower sampling layer S4 99.3 98.9 994

It is concluded that low sampling layer S4 achieved the best classi-
fication performance. The results of other layers like C1, S2 and C3
were lower than that of S4. The deeper network structure, like con-
volution and lower sampling layer will enhance the accuracy of
CNN in extracting features. As for the 2-class classification task
of private dataset and Herlev, the deepest layer of the CNN feature
extraction module, lower sampling layer S4, obtained the best clas-
sification accuracy and sensitivity, which also shows the rationality
of the CNN structure proposed in this paper.

4.5. Evaluation of strong feature CNN-SVM and its basic models

Strong feature CNN-SVM model proposed in this paper origi-
nated from classical CNN and SVM classifier. Comparative experi-
ments were conducted to illustrate the superiority of the
proposed model. Private dataset mentioned before was applied
for comparison. Strong features and features extracted from the
hidden layer of CNN were fused according to ratio of 4:6, training
set to the testing set was set as 4:1. The average accuracy, sensitiv-
ity and specificity was calculated by 5-fold and 10-fold cross-
validation, respectively. Batch size was set to 30 according to the

size of the dataset. Learning rate was 0.01 according to the change
of error rate in the training process. C-SVC algorithm and radial
kernel function were used for SVM training. Grid search provided
by Pycharm are used to find the optimal penalty parameter C
and the kernel functiony. Results are shown in Figs. 17 and 18.

Figs. 17 and 18 showed the accuracy of CNN, CNN-SVM and
strong feature CNN-SVM using 5-fold and 10-fold cross-
validation on private dataset. It is concluded that the accuracy of
strong feature CNN-SVM model was higher than those of the other
two models. The standard deviation of strong feature CNN-SVM
model was smaller than that of others. It has been proved that
the performance and generalization ability of strong feature
CNN-SVM are better improved by combining with SVM. Moreover,
the accuracy of classification under the condition of 10-fold cross-
validation was slightly higher than that under the condition of 5-
fold cross-validation.

In the acquisition of medical image data, unbalanced samples
are ubiquitous. Confusion matrix were applied to visualize the

Table 6

Accuracy of classifiers under different ratios of «, .
Weight Number [1,9] [2,8] [3,7] [4,6] [5,5] [6,4] [7,3] [8,2] [9,1]
1 0.899 0.912 0.938 0.939 0.932 0.912 0.909 0.799 0.681
2 0.907 0.918 0.928 0.932 0.922 0913 0.901 0.782 0.672
3 0.899 0916 0.928 0.926 0.921 0.922 0.898 0.799 0.692
4 0.903 0.932 0.933 0.934 0.929 0.921 0.902 0.801 0.601
5 0.902 0.920 0.939 0.948 0.939 0913 0.901 0.803 0.703
6 0.903 0913 0.925 0.930 0.921 0.920 0.910 0.798 0.718
7 0.901 0913 0.932 0.938 0.931 0.901 0.903 0.795 0.693
8 0.902 0.916 0.920 0.921 0.921 0913 0.902 0.803 0.702
9 0.890 0.911 0.931 0.934 0.924 0911 0.898 0.801 0.691
10 0.906 0.910 0.921 0.932 0.925 0.909 0.902 0.799 0.679
Mean value 0.901 0.916 0.930 0.933 0.927 0.914 0.903 0.798 0.683

o

.
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96 -
95 4 Positive | Negative Positive | Negative
94 A
93 A Positive 92.8 7.2 Positive 94.7 5.3

Accuracy (%)

Sample set

—e—CNN ——CNN-SVM —&— Strong feature CNN-SVM

Fig. 17. Accuracy of 3 models using 5-fold cross-validation.

performance of different classifier algorithms. If the elements off
the diagonal are all 0, then the classifier performs well. Confusion
matrix experiment was conducted on the private dataset using 10-
fold cross-validation, other conditions were kept the same.

Fig. 19 reported the confusion matrix of three models on the
private dataset. Data of the confusion matrix presented the average
accuracy of model in the form of percentage. It is concluded that
the accuracy of CNN was lower than the other two methods. Per-
formance of CNN-SVM was slightly worse than strong feature
CNN-SVM. Hybrid model behaved better than the single model,
the addition of strong feature extraction method also improved
the performance. Moreover, it has been proved that the proposed
model has more obvious advantages in identifying positive cells.

Besides, three classification methods were also compared on
the sensitivity and specificity using the same dataset and initializa-
tion parameters. Results were shown in Table 9. The sensitivity and
specificity contrast curve of three networks were concluded in
Figs. 20 and 21.

It is concluded from the Table 9 and Figs. 20 and 21 that strong
feature CNN-SVM classifier outperformed in accuracy than the
other two models. As for the sensitivity curve, the proposed
method gained an improvement of 4.9 and 2.9 percent point com-
paring with others, respectively. This means a higher accuracy for
positive cells. Besides, the proposed model achieved an improve-
ment of 4.1 and 2.7 in specificity than CNN and CNN-SVM model,
which signified a higher probability of diagnosis for cancerous
cells. It was proved that adding strong feature paths with CNN-

96 1

Accuracy (%)

Ne} Nel O O
S} OS] S~ W
) ) ) )

Nej
1

O

Negative 7.8 92.2 Negative 6.0 94.0
CNN CNN-SVM
Positive | Negative
Positive 95.2 4.8
Negative 5.2 94.8

Strong feature CNN-SVM

Fig. 19. Confusion matrix of different models.

SVM model greatly improved the sensitivity and specificity mean-
while guaranteeing the classification accuracy.

4.6. Comparison evaluation with state-of-the-art models and baselines

Comparison of performance was conducted using metrics of
Acc, Sn and Sp. As for the proposed method in this paper, private
and Herlev datasets were used to evaluate for 2,7 class classifica-
tion, respectively. The experimental results are as shown in
Table 10. Gautam et al. [25], Nguyen et al. [38], Zhang et al. [18],
Jith et al. [24] and Lin et al. [39] applied the Herlev dataset for
model assessment. The others used private dataset to identify the
performance of their methods. We adopted the experimental
results rooting from their published work into the table for
comparison.

It is concluded for the Table 10 that our proposed method
achieved the second highest accuracy in 2 class classification with
a 0.3 percent point lower than the peak, and the best performance
in 7 class classification applying Herlev dataset. As for the private

——CNN ——CNN-SVM

Sample set

—&— Strong feature CNN-SVM

Fig. 18. Accuracy of three models using 10-fold cross-validation.
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Table 9

Performance evaluation among three different classifiers.
Evaluation metrics Acc (%) Sn (%) Sp (%)
Classic CNN network 92.4 88.4 89.2
CNN + SVM 94.2 90.4 90.6
Strong feature CNN + SVM 94.9 93.3 93.3

Nel O O O O O
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! R R SR R

Sensibility (%)
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Fig. 20. Sensitivity curves of 3 networks.
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Fig. 21. Specificity curves of 3 networks.

dataset, the proposed method was 1.7 percent higher than the
method of Zhang et al. [40]. The approach in this paper outper-
formed in all metrics than the method of [18,38,39]. Higher accu-
racy suggested that the system effectively recognizes the total
cells. The improvement of sensitivity and specificity meant that
the positive and negative samples can be classified better to a great
extent. Comparing with method of [18], the sensitivity and speci-

Table 10
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ficity of the which are relatively poor, it is easy to produce false
and missed classification. The proposed approach was 0.3 point
lower than the model of [24], while this part of the gap is not
too big. Their model adopted the fine-tuned method, which is more
complex than ours in terms of computational complexity. The pro-
posed model can be further improved by optimizing network
parameters and enriching datasets. Therefore, the superiority of
the proposed method is clearly demonstrated comparing with
the other state-of-the-art models using two different datasets
and three metrics.

Existing CNN-SVM approaches were applied as baselines for
comparison aiming at characterizing the performance of the pro-
posed method on cervical cell classification. The accuracy was used
as the evaluation index, and the comparison results are shown in
the Fig. 22.

Approaches of [26-28,41] were based on CNN-SVM model,
while methods of [22,42] were traditional CNN models, compar-
ison among which were conducted to demonstrate the superiority
of the proposed model. Our model outperformed than others in
accuracy, with an improvement of 0.11 percentage point over the
second best method [27]. As for the sensitivity and specificity,
method [27] and [41] were a little higher than the proposed model
as 0.61 and 0.6 percentage point, respectively. Accuracy has more
practical clinical significance than sensitivity and specificity in
the classification of cervical cells. The weakness of the proposed
model in other indicators can be further improved by parameter
adjusting and dataset enlarging. Therefore, the strong feature
method in this paper achieved certain improvement comparing
with the baselines.

4.7. Analysis of iteration times and model speed optimization

4.7.1. Relation between iteration times and model accuracy

Following experiment was conducted to study the relationship
between training time and accuracy, which adopted the 10-fold
cross validation. The experiment was repeated two times, so each
model was trained 20 times and iterated 500 times before reaching
stable, hardware parameters and specific conditions were kept
same. Finally, results of CNN, CNN-SVM and strong feature CNN-
SVM model during 1-256 iterations were obtained. LeNet-5 model
was used to construct the hidden layer of three models. Experi-
mental results were shown in Fig. 23.

It was concluded that the convergence speed of strong feature
CNN-SVM and CNN-SVM model were faster, accuracies of these
were always higher than that of the traditional CNN model. Strong
feature CNN-SVM model performed slightly better than CNN-SVM
in terms of accuracy but the convergence speed of both models
was close. In the early stage of iteration, the accuracy of CNN dif-
fered greatly from the other two methods, because the initializa-

Comparison of classification performance among different methods (Sensitivity (Sn), Specificity (Sp), Accuracy (Acc)).

Ref Method Class Data Result (%)

[25] a CNN-based feature analysis and a transfer learning-based approach 2,7 Herlev and private dataset 2-class: Acc = 99.3
7-class: Acc = 93.75

[38] Feature concatenation and ensemble CNNs 7 Herlev dataset Acc = 93.51

[18] Nuclei centered patched-based CNN throughTransfer Learning 2 Herlev dataset Acc =98.3,Sn = 98.2, Sp = 98.3

[24] CNN based on fine-tuned AlexNet 2 Herlev and private dataset Acc = 99.6

[39] Pre-trained CNN using a five-channel input 2,7 Herlev dataset 2-class: Acc = 94.5; Sn = 97.4; Sp = 90.4;
7-class: Acc = 64.5

[40] A size-sensitive fully convolutional network (R-FCN) Private dataset Abnormal region: Acc = 93.2

- Strong feature & CNN-SVM

2,7 Herlev and private dataset

Herlev
2-class: Acc = 99.3, Sn = 98.9, Sp = 99.4
7-class: Acc = 93.8, Sn = 93.7, Sp = 93.7
Private
2-class: Acc = 94.9, Sn = 93.3, Sp = 93.3

o
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Fig. 23. Relation between iteration times and model accuracy.

tion of network weights of CNN is random when not fully trained.
And the SVM layer of the other two models can complete the data
mapping of pictures, which can ensure the accuracy. The accuracy
of the proposed model is higher than that of CNN-SVM because
some strong features were selected based on prior knowledge.
When the iteration is almost finished, performances of three mod-
els were better, while the proposed approach kept better than the
others. The model accuracy of CNN-SVM was 94.2%, while that of
the strong feature model was 94.5%, slightly higher. It was been
proved that proposed model can effectively extract strong features
in the process of classification under the same times of iteration,
thus achieving higher accuracy in the process of calculating net-
work weights.

4.7.2. Model speed optimization evaluation

As for deeper neural networks, a non-linear activation function
is usually needed for being connected. Commonly used activation
functions are as follows: Sigmoid, ReLU, Tanh,and so on. The func-
tional model is shown in the Fig. 24.

Sigmoid maps the input to the range of (0, 1), while Tanh maps
the input to the range of ( - 1,1). As a saturated function,Sigmoid
has the disadvantage of large computation, which leads to the slow
response of the model in the below comparative experiments. ReLU
is a kind of unsaturated non-linear function, which can set the neg-
ative value to 0, thus ensuring the sparsity of the model. ReLU also
adjusts the number of non-zero values in the network through gra-

Fig. 24. Model curve of activation function.

Table 11

Comparative experiment on model processing time.
Model Sigmoid (s) Tanh (s) ReLU (s)
Strong feature CNN-SVM model 47 68 a1

dient training, aiming at transferring gradients better and giving
the model more robustness when extracting features. The original
Sigmoid function in the system was replaced with ReLU. A compar-
ative experiment on model processing time under the same condi-
tions was carried out using the private dataset. Experimental
results were described in Table 11. It was concluded that the pro-
cessing efficiency of ReLU outperformed than the other two mod-
els, which provided experimental proof for the selection of
activation function.

5. Conclusions

A strong feature CNN-SVM approach for cervical epithelial cell
classification was proposed in this paper. The designed framework
included three main parts: feature extraction, feature fusion and
classification. We fused the strong features extracted from
Gabor + GLCM with the abstract ones in hidden layer of CNN and
input them into the SVM for classification, by which a superior per-
formance was obtained. The method was evaluated on two inde-
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pendent datasets. Our proposed approach outperformed than the
state-of-the-art models and baselines with the Acc, Sn, and Sp of
99.3, 98.9, 99.4 for 2-class detection in the mass, respectively.
Besides, the method in this paper behaved well in the classification
of positive cells, which demonstrated the efficiency of our
approach in identifying cancerous cells. We will keep focusing on
optimizing the feature extraction frame of both strong features
and neural network, aiming at further improving the accuracy
and efficiency of 7 class classification on cervical cells in the future
work. The collection and labeling of private datasets will be pro-
moted in order to further expand the size and variety. We hope
to open the dataset to other researchers for modeling and learning
in the future, ultimately further help the study in the field.
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