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Abstract

With the development of theories and technologies in medical imaging, most of the tumors can be detected in the early stage.
However, the nature of ovarian cysts lacks accurate judgement, leading to that many patients with benign nodules still need Fine
Needle Aspiration (FNA) biopsies or surgeries, increasing the physical pain and mental pressure of patients as well as unnec-
essary medical health care costs. Therefore, we present an image diagnosis system for classifying the ovarian cysts in color
ultrasound images, which novelly applies the image features fused by both high-level features from deep learning network and
low-level features from texture descriptor. Firstly, the ultrasound images are enhanced to improve the quality of training data set
and the rotation invariant uniform local binary pattern (ULBP) features are extracted from each of the images as the low-level
texture features. Then the high-level deep features extracted by the fine-tuned GoogLeNet neural network and the low-level
ULBP features are normalized and cascaded as one fusion feature that can represent both the semantic context and the texture
patterns distributed in the image. Finally, the fusion features are input to the Cost-sensitive Random Forest classifier to classify
the images into “malignant” and “benign”. The high-level features extracted by the deep neural network from the medical
ultrasound image can reflect the visual features of the lesion region, while the low-level texture features can describe the edges,
direction and distribution of intensities. Experimental results indicate that the combination of the two types of features can
describe the differences between the lesion regions and other regions, and the differences between lesions regions of malignant
and benign ovarian cysts.

Keywords Deep Learning - Ovarian cysts - Ultrasound detecting - Cost-sensitive Learning - Uniform local binary pattern -
GoogLeNet

Introduction

Ovarian cancer is characterized by few early symptoms, pre-
sentation at an advanced stage, and poor survival [1]. As a
result, it is the most frequent cause of death from gynecolog-
ical cancer [2]. During the last decade, a research effort has
been directed toward improving outcomes for ovarian cancer
by screening for preclinical, early stage disease using both
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imaging techniques and serum markers. Numerous bio-
markers have shown potential in samples from clinically di-
agnosed ovarian cancer patients, but there are still some
missed detection, and marker detection is time-consuming
and laborious [3]. Serum Carbohydrate Antigen 125
(CA125) has been widely applied in clinic because of its high
sensitivity, but its accuracy is not high. The specificity of
CA'? for early ovarian cancer is relatively low, so its appli-
cation in large-scale ovarian cancer screening is limited.
Imaging detection, such as Ultrasound, CT, Magnetic
Resonance Imaging and Positron Emission Tomography
(PET-CT) [4], play an important role in the localization and
characterization of ovarian tumors [5]. But due to the recog-
nition accuracy of the algorithm and the quality of ultrasonog-
raphy, the specificity of ovarian cancer diagnosis is not very
high. The combined detection of imaging and tumor
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biomarkers can make up for their deficiencies [6, 7, 8]. In
order to improve the accuracy of early ovarian cancer diagno-
sis, this paper proposes a tumor classification recognition al-
gorithm for ovarian ultrasonography based on improved deep
learning network, and carries out clinical verification com-
bined with cancer biomarker diagnosis [9].

Existing studies on early diagnosis algorithms mainly focus
on the extraction of manually designed features from the ovar-
ian ultrasound images, and then the extracted features are su-
pervised classification through the existing machine learning
classifier. Chen et al. proposed to use genetic support vector
machine to classify ovarian tumor by combining texture fea-
tures with pathological features [10]; Chang et al. used wave-
let coefficient, homogeneity, histogram and multi-scale gray
difference as features to classify the ovarian ultrasound images
to detect the types of tumor [11]. Katsigiannis et al. [12] used
features based on image contour wavelet transform to classify
ovarian ultrasonic texture; Acharya et al. used complex wave-
let transform filter to extract features from 3D ultrasound im-
ages of ovaries to classify ovarian tumors [13]; Savelonas
et al. proposed to use the features in random field to express
the directional pattern in ovarian ultrasound images and su-
pervised classifier to classify ovarian tumor [14]; Iacovidis
et al. used a fuzzy local binary pattern (LBP) feature to classify
and recognize the texture in ovarian ultrasound images. From
the above analysis, we can see that most of the existing early
diagnosis algorithms for ovarian cancer are to extract texture
features directly from ultrasound images, and combine with
support vector machine (SVM) classifier to complete the de-
tection of cyst types [15]. In literature [16], Acharya et al.
summarized the importance and advantages of ultrasonic im-
age texture features for medical image classification. In this
paper, the accuracy of medical image classification using non-
medical features, such as tissue stiffness coefficient, texture
and features based on discrete wavelet transform is signifi-
cantly higher than that of medical features in images used
alone, such as vascular distribution, edge void, and shape
and micro-calcification points. However, traditional feature
extraction requires the manual design of complex feature ex-
traction methods [17, 18]. The extracted feature dimension is
high, the workload is large and the efficiency is low.

A good knowledge of the underlying features in a data
collection is required to extract the most relevant features
[19]. This could become tedious and difficult when a huge
collection of data needs to be handled efficiently. A major
advantage of using deep learning methods is their inherent
capability, which allows learning complex features directly
from the raw data [20]. This allows us to define a system that
does not rely on hand-crafted features, which are mostly re-
quired in other machine learning techniques. These properties
have attracted attention for exploring the benefits of using
deep learning in medical image analysis. The future of medi-
cal applications can benefit from the recent advances in deep
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learning techniques. There are multiple deep learning open
source platforms available such as Caffe, Tensorflow,
Theano, Keras and Torch [21]. The challenges arise due to
limited clinical knowledge of deep learning experts and lim-
ited deep learning knowledge of clinical experts. A recent
tutorial attempts to bridge this gap by providing a step by step
implementation detail of applying deep learning to digital pa-
thology images.

With the development of machine learning, deep learning
has become a hot topic in the field of object recognition in
recent years. Image features extracted by deep convolutional
neural network (DCNN) [22, 23] are proved to be effective in
image classification, segmentation or retrieval. As a kind of
multi-layer neural network learning algorithm, deep learning
technology can learn features through non-linear network
structure, and form more abstract deep representation or fea-
tures by combining low-level features to realize complex
function approximation and to represent the distributed repre-
sentation of the input data, which can effectively learn the
essential characteristics of the data set [6]. Therefore, the ap-
plication of deep learning algorithm in multi-modal medicine
image aided diagnosis system has the following advantages:
firstly, as a data-driven automatic feature learning algorithm, it
can extract features directly from training data, thus greatly
reducing the workload of feature extraction and the impact of
manual feature; secondly, it can represent the intersection of
features through the deep structure of neural network. Thirdly,
the three core steps of feature extraction, feature selection and
feature classification can be realized in the optimization of the
same deep structure. Thus, deep learning is expected to solve
the problem of insufficient ability based on traditional shallow
machine learning, thus greatly improving the ability of assis-
tant diagnosis. Existing research results show that DCNN al-
gorithm is not affected by interference and has good robust-
ness, compared with the traditional feature extraction
algorithm.

Based on the advantages of DCNN in non-medical images,
DCNN has been gradually applied to medical image classifi-
cation and detection. Spanhol et al. proposed to use DCNN to
classify ovarian cancer pathological images [24]; Li et al. pro-
posed a classification system of pulmonary nodules based on
DCNN [25]; Roth et al. proposed an algorithm for developing
a lymph node detection system using DCNN [22]. Based on
the successful experience of DCNN in medical image, this
paper attempts to use DCNN to classify tumor in ovarian
ultrasound images, so as to realize the early diagnosis of tu-
mors. However, there is no uniform standard for the images
used to train the DCNN model at present, and a large number
of wrong labels exist in benchmark data. The data amount of
the training image is still small, which is not enough to train
the convolutional neural network independently. Therefore, in
order to improve the accuracy of early diagnosis, this paper
proposes an improved convolutional neural network. The
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network uses fine-tuning parameters to extract the deep fea-
tures of images, and fuses the deep features with texture fea-
tures. Finally, the features are input into Cost-sensitive
Random Forest classifier to classify the benign and malignant
ovarian tumor.

Related Works
Convolutional Neural Network

Convolution neural network (CNN) is a multi-layer
perceptron with autonomous supervised learning [20, 26,
27]. It mainly includes input layer, hidden layer
(convolutional layer and down-sampling layer) and output
layer. It updates network parameters by reverse conduction
optimization network. In the convolutional layer, multiple
feature maps will be obtained. Each feature map extracts
one feature. Each neuron of the feature image is connected
with the local receptive field of the previous layer and
shares a set of weights. Through convolution operation,
the process of feature extraction is completed. Since mul-
tiple feature maps have multiple different weights, differ-
ent features can be obtained. In the process of training, the
weights are constantly updated by reverse conduction, so
that the final classification results develop towards a more
accurate direction. The formula for calculating the
convolutional layer is:

g3 0 0) 0

ieM

where M; is the set of all input maps; Kj; is convolutional
kernel; bjis the offset of each input map.

The purpose of the down-sampling layer is to realize the
pooling effect of the feature map, so as to reduce the resolution
of the image and keep the number of the feature map un-
changed. In addition to the reduction of feature dimension,
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the robustness to displacement, scaling and distortion is also
enhanced to some extent. The down-sampling formula is:

= (8d(x 1) + ) 2)

where d represents a down-sampling function; [3; is weight
coefficient.

In order to extract the non-linear deep features, the convo-
lution feature image is extracted using the three-layer micro-
network structure shown in Fig. 1. Assuming that a small area
with the sizer; x r,is extracted from the starting coordinate
and is successively labeled as (1, 1),(1,2),.....,(b; —r1+ 1, b,
—ry + 1), the extracted regions are convoluted with the feature
base feature ¢, ,, ***, @, 0f the trained sparse self-encoder
one by one. The m, data corresponding to each patch consti-
tute the input of a sub-SAE network, which is stacked in three
layers. After convolution operation, them;global feature im-
age with the size(b; — 3y + 3, b, — 3r, + 3)is obtained.

GoogLeNet Model

In the existingt mainstream DCNN model, GoogLeNet has
proved to be a good classifier for images [28]. GoogLeNet
is the ILSVRC classification champion in 2014 [8].
GoogLeNet is a 22-layer convolutional neural network,
which innovatively proposes the structure of “perception
layer”. The “perception layer” can be regarded as a com-
bination of a set of “network-in-network™ filters and con-
volution filters of different sizes between layers. Each
“network-in-network™ filter is connected to a 3x3 or 5x5
pixel filter, which is then fed into the pooling layer and the
connection layer, as shown in Fig. 2. Each layer has filters
of different sizes to correspond to the input features with
different resolution in that layer. One of the main beneficial
aspects of this architecture is that it allows for increasing
the number of units at each stage significantly without an
uncontrolled blow-up in computational complexity. The
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Fig. 1 Convolution feature image with three-layer single-block network structure
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Fig. 2 Inception module with dimension reduction

ubiquitous use of dimension reduction allows for shielding
the large number of input filters of the last stage to the next
layer, first reducing their dimension before convolving
over them with a large patch size. Another practically use-
ful aspect of this design is that it aligns with the intuition
that visual information should be processed at various
scales and then aggregated so that the next stage can ab-
stract features from different scales simultaneously [29].
The improved use of computational resources allows for
increasing both the width of each stage as well as the num-
ber of stages without getting into computational difficul-
ties. Another way to utilize the inception architecture is to
create slightly inferior, but computationally cheaper ver-
sions of it. The model have found that all of strategies
allow for a controlled balancing of computational re-
sources that can result in networks that are two times faster
than similarly performing networks with non-Inception ar-
chitecture, however this requires careful manual design at
this point.

Although GoogLeNet is very deep, its parameters are 12
times less than AlexNet, so the calculation of training is more
efficient. Although the recognition of natural images by
GoogLeNet is excellent, the direct application of the network
to the ultrasound ovarian cyst images will result that the net-
work cannot converge because of the great difference between
the content of the image and the original training sample, and
cannot get a good classification and recognition effect.
Therefore, we need to adopt the transfer learning method to
input the pre-processed ultrasound image samples into the pre-
trained GooglLeNet for parameter fine-tuning, so as to make it
more sensitive to the ovarian image. Then the fine-tuned net-
work is used to extract the features of ovarian cancer image.
Finally, the extracted high-level deep features and low-level
texture features are fused for image classification and
recognition.

GoogLeNet has a deeper network structure and fewer pa-
rameters and computational complexity, mainly due to the
extensive use of 1x1 convolution in convolution network
and the replacement of full connection layer in traditional
network architecture with average pool. Of course, this re-
quires careful design of Inception Architecture so as to
achieve the final excellent results.

@ Springer

The Proposed Early Diagnosis Algorithm
of Ovarian Cyst

Data Extension

The original GoogLeNet network was trained on the mnist
data set, which was not highly sensitive to the ovarian cyst
images [30]. However, the existing ovarian image data is not
enough to train a new network, so the existing images are used
for transfer learning and parameter fine-tuning of trained
GooglLeNet to obtain the deep network sensitive to ovarian
image features.

Due to the limited sample size of the existing data set,
we need to expand each sample. At present, the main-
stream methods of image sample expansion mainly include
Angle Rotation, Scale Transformation and Contrast
Transformation, which are not suitable for medical image
expansion. Therefore, a new data expansion method is pro-
posed in this paper. Firstly, the location of the label given
by the radiologists for the location of the ovarian cyst is
calculated; then, the coordinates(x;, v,),(x;, 1), (xp, V), (X,
y,) of the four boundaries of the ovarian cyst area are cal-
culated according to the location of the label; finally, with
the cyst area as the center, 9 image parts including both the
cyst area and its surrounding tissue area were taken as the
expanded samples. Taking the upper left area as an exam-
ple, the coordinate area of the expanded sampleW x Win
the imagem x ncan be expressed as:

1 - [<max(x,—W/2, 1) : min(x; + W/Z,m),) 3)

max(y,~W/2,1) : min(y, + W/2,n)

where W represents the width of the target area; x,andyare
the abscissa and ordinate of the left label and the upper
label, respectively. The coordinates of the other eight areas
can be calculated in the similar way.

By using this method to expand the original image sam-
ples, the simulation results show that each extended sample
contains both suspected lesion area and surrounding tissue
area, so that DCNN can better learn the features of ovarian
cyst from the texture of nodule tissue itself and the difference
between cyst tissue and other tissues.

Deep Feature Extraction Based on Transfer Learning

After the expanded training image samples are obtained, it can
fine-tune the parameters of GoogleNet to obtain a deep net-
work that can accurately learn and extract the features in the
ovarian ultrasound images. Caffe deep learning framework is
adopted in this paper to fine-tune the GoogLeNet network. In
supervised learning, objective function (Loss function) is used
to evaluate the consistency between the output value and the
real value of input samples after model discrimination. The
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commonly used loss functions are Squared Loss Function,
Cross-Entropy Loss Function and Softmax Loss Function.
This paper intends to use Softmax Loss function.
Considering that it is more difficult to collect cyst samples
than health samples in the practical application of ovarian cyst
diagnosis, and there will be extremely unbalanced data sets, so
that the weight loss functionW; shown in formula (4) is intro-
duced to give smaller weights to the types with larger quanti-
ties and larger weights to the types with smaller quantities. At
the same time, the L2 regularization penalty term as shown in
formula (5) is added to improve the poor generalization ability
of the model caused by the sample imbalance problem. The
regular term and the cross-entropy function are merged into
the weight loss function shown in formula (6)

Ws = _éZ(?:lzg:val{yq = C}IOg (P£q>) (4)
Ve = %C}(Cl (5)
e = zqull{yq =c} (6)
exp (Wf’l)TxmLil
¢ = C ( r ) (7)
=@
=1
R(W) =S4, Wi, o
L=Ws+AR(W) Y

n. represents the number of class ¢ samples in formula(4);
v, represents the degree of imbalance between class ¢ samples
and other samples; CandQrepresent the total classes and total
samples, respectively; Pé‘” represents the output value of the
input sample through Softmax function; w&/ denotes connec-
tion weight; )7is the class label of sampley under class ¢;T is
the transpose of the matrix; L is the number of deep network
layers; Ain formula (6) is the penalty coefficient of the regular
term; R(W) in formula(8) is the weight matrix of deviation
term.

Classification of Ovarian Ultrasound Images by Fusing
Deep Features and Shallow Texture

Deep neural network can classify images directly, but it does
not take advantage of the low-level features of images [31].
Considering that there are a large number of low-level features
such as texture in medical images, this paper uses deep neural
network to extract deep features from images and fuse them
with texture features, and then uses cost sensitive classifier to
classify images.

The rotation invariant local binary pattern (ULBP) can be
used as a shallow feature to accurately describe texture fea-
tures in ultrasound images. For any pixel(x, y) in an image, its

LBP coding follows the definition of

P

Bpr(xe,y.) = Zo S ("P*”C)zp
,,:

(10)

whereS()is defined as follows:

o 17 |X‘ETLBP
S(x) - {0, |x| < TLBP

where n,. is the pixel value for neighborhood center point(x,,
Ve)inpis the pixel value of the p-th pixel point on the circle with
the center point as the center and the radius as R; T; gpis a
small positive value to enhance the robustness of LBP for the
description of smooth regions in the image.

After obtaining the LBP code of arbitrary pixels, the LBP
translation code with the minimum value can be obtained by
cyclic right displacement, and then the local binary pattern
with rotation invariance can be obtained. The above calcula-
tion for all points are done in the image, and the histogram of
the translated value of the local binary pattern is counted as the
shallow texture feature of the image.

Given an ultrasound image of ovarian cyst to be classified,
input it into the fine-tuned GoogLeNet. The output of the
network is the deep feature of the image, and the dimension
of the deep feature is 1024. For the shallow texture feature of
image, ULBP is adopted as the texture feature of image. The
dimension of the ULBP feature is 59. The two features are
normalized and then cascaded to obtain the high and low level
fusion features of the image.

(11)

e
Fh = Fmax_Fmin (12)
h h
o F _Fmin
Fl = mlax lmin (13)
FW—F]
F= {Fh,f,} (14)

where F, is the normalized deep feature,; F"™, F™Min respec-
tively are minimum and maximum of non- normalized deep
feature sector; F;, Fy, F"™, F ;“i“ respectively are normalized
value, non-normalized value of texture feature, minimum and
maximum of non-normalized feature vector; F represents the
joint feature combining depth feature and texture feature for
image classification.

Ovarian Ultrasound Image Classification Based
on Cost-Sensitive Random Forest Classifier

Because the benign and malignant cases of ovarian cyst im-
ages are not balanced, this paper adopts the cost-sensitive
random forest algorithm to classify the images.

In view of the benign and malignant classification of
ovarian tumor in this paper, it is assumed that malignant
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(+ or + 1) represents minority class and benign (— or— 1}
represents majority class. A case should belong to classj,
but the cost of being misclassified as class i isC(Z, j). The
cost sensitive classification model is established to mini-
mize the non-classification cost:

H(x,y) = argmin3(P(j[x)C(i. /) + PU)CG, D)) (15)
where P(j, x)andP(i| y)are the posterior probability of clas-
sifying casexto classj and classifying casey to classi. Then,
the above cost factors are introduced into the random forest
to deal with unbalanced data classification. The algorithm
steps are given as follows:

1. Bootstrap data set is acquired through Bagging method

2. Establish a non-pruning classification regression (CART)
decision tree for each Bootstrap data set, and introduce
cost factor into Gini index calculation of CART decision
tree.

Ie(t) = X.Cypli/pi/1) (16)

where Cjdenotes the misclassified cost. In practical applica-
tion, the cost sensitive random forest classification algorithm
is realized by using WEKA data analysis environment, which
only needs to determine the decision-making, the number of
trees and cost-sensitive matrix.

Experimental Results and Analysis

In this Section, we will compare and validate the effectiveness
of our proposed ultrasound image classification system based
on the fusion of deep feature and texture features for ovarian
cysts.

Experimental Data

Ultrasound images of ovarian cysts are obtained from an open
source database provided by Pedraza et al. [32]. The database
consists of 428 ultrasound images with the size 560%360
pixels, where 357 are malignant and 71 are benign tumor. At
the same time, we also built 1400 ovarian ultrasound samples
form Peking Union Medical College Hospital, where 277 are
ovarian cancer samples, 299 are benign cyst samples, and the
rest are normal ovarian ultrasound images. The images are
extracted from the ovarian ultrasound video sequences collect-
ed at 12 MHz by TOSHIBA Nemio 30 and TOSHIBA Nemio
MX ultrasound instruments. In addition, the database contains
most of the pathological features and pathological diagnosis
obtained by biopsy and BETHESDA system, and the

@ Springer

Table 1  The distribution of training, validating and testing samples in
data-set (one group)

Total malignant Benign

Cases Samples Cases Samples Cases Samples
Training 306 2745 256 2340 50 452
Validating 61 549 51 459 10 101
Testing 61 549 50 450 11 99

diagnosis results are independently confirmed by professional
doctors. As shown in Table 1, 1628 ovarian ultrasound images
from different case are randomly grouped and expanded seven
times. Each grouping ensured that 806 of them are used to
train GoogLeNet, 420 images are used to validate
GoogLeNet model, and the remaining sample images are used
as test data sets.

Experimental Steps and Evaluation Criteria

In order to analyze fairly the performance of the deep-based
learning algorithm for ovarian cyst image classification, 10-
fold cross validation [33] is used to calculate the relevant
evaluation indicators and compare with other algorithms. In
the same data set, the current mainstream ovarian cyst image
classification algorithms are compared, and the performance
of each algorithm on other data sets (non-open source) is also
compared, where the comparison algorithms are Fully
Connected Convolutional Neural Network (FCNN) [34],
Five-Layer Convolutional Neural Network (CNN) [35],
AlexNet [36], VGNet and GoogLeNet and their parameters
are set to official defaults [25, 26, 32].

For cost-sensitive random forest classifiers, we set the
number of decision trees to 10, and the cost matrix is deter-
mined by the proportion of benign and malignant cases in the
data set. For the classification results, the accuracy (ACC),
sensitivity (SENS), specificity (SPEC) and the area under
ROC curve are used to evaluate the classification results.
The specific definitions are written as follows.

TP + TN
ACC = i (17)
TP+ FP+ FN + TN
TP
SENS =~ (18)
TP + FN
TN
SPEC = ———~ (19)
TN + FP

In these formulas, ACC, SENS and SPEC indicate the ac-
curacy, sensitivity and specificity, respectively; TP, TN, FP
and FN are indicated as the number of true positive, true
negative, false positive and false negative, respectively.
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Classification Results for Given Data Sets

This experiment carries out 10-fold cross validation on differ-
ent algorithms, obtains the experimental results and calculates
their indicators. Finally, the average values of six groups of
indicators are obtained, which is the classification accuracy,
sensitivity, specificity and the area under the ROC curve of the
proposed classification algorithm for the test data set. Table 2
shows the classification accuracy, sensitivity, specificity and
the area under the maximum ROC curve of the proposed
algorithm and other algorithms, while Fig. 3 shows the corre-
sponding ROC curve. The classification accuracy, sensitivity,
specificity and ROC area of the proposed algorithm are
99.15%, 99.70%, 95.85% and 0.997 respectively. The ROC
curve is closer to the upper left corner of the region. It shows
that the proposed algorithm can guarantee high sensitivity and
specificity, and can accurately distinguish benign and malig-
nant cysts.

Comparison for Existing Classification Algorithms
of Ovarian Cysts

Although other data sets for evaluating ovarian cyst image
classification algorithms are not open source, their accuracy
can still be used as a reference to evaluate the proposed algo-
rithm. It can be seen that the algorithm proposed in this paper
firstly classifies the ovarian cyst image using deep learning
method, and the accuracy is higher than other algorithms.
Although it can not be directly compared with other algorithm
models, it can reflect that the proposed algorithm based on
deep learning can more accurately assess the risk of can cre-
ation of ovarian ultrasound images on larger data sets.

The improved network training loss curve and verification
accuracy are shown in Fig. 4. The abscissa represents the
number of iterations, while the ordinate represents the loss
value in the training process and the accuracy in the verifica-
tion process. With the increase of training iterations, the train-
ing loss decreases significantly, and the verification accuracy
increases accordingly. The training LOSS converges about

Table 2 Comparison of the effects of classifying testing data by
different methods (same data}et)

Algorithms ACC(%) SENS(%) SPEC(%) AUC(%)
VGNet 97.12 97.36 92.18 0.982
AlexNet 98.29 99.10 93.9 0.995
FCNN 93.08 93.85 91.15 0.962
CNN 92.06 92.13 84.56 0.941
GoogLeNet 96.68 96.78 92.84 0.975
Proposed 99.15 99.73 95.85 0.997

TP(1-SENS)

—— Our Proposed Algorithm
——— AlexNet

—— GooglLeNet

—— Col9vs Col 10

2 4 —— CNN

FCNN

0.0 T
0.0 5 1.0
FP(1-SPES)

Fig. 3 The ROC curves of applying different classification methods to
classify images in the testing data-set

1000 times and the accuracy of verification set in the training
process reaches about 88%.

In this paper, a new classification algorithm based on deep
convolution neural network is proposed for ovarian ultra-
sound images. The image is preprocessed to improve the qual-
ity of training image. The existing GooglLeNet network is
migrated and learned by using high-quality training images.
The deep features obtained by deep network and image tex-
ture features are fused to obtain stroger features. A cost-
sensitive random forest classifier is used to classify the unbal-
anced distribution of data sets. The experimental results show
that the proposed algorithm can effectively improve the accu-
racy of classification of ovarian cyst ultrasound images, re-
duce the probability of misclassification, and is more in line
with the assessment of ovarian cyst canceration risk by ultra-
sound imaging experts.

Clinical Diagnosis Based on our Proposed Recognition
Algorithm in Combination of Tumor Markers
Detection

Ultrasound can continuously, dynamically and real-time ob-
serve the movement function of organs, display the three-
dimensional changes of the lesion, and Doppler angiography
can observe the flow and direction of the blood flow of the
lesion. Ultrasound equipment is flexible and can be used for
bedside diagnosis of severe patients. It is cheap, radiation-free,
safe and non-invasive. Ultrasound is the best method to detect
benign and malignant ovarian lesions. At present, transvaginal
ultrasound, transabdominal ultrasound and color Doppler
flow imaging are widely used. The accuracy of
transabdominal ultrasonography in detecting ovarian cancer,
especially serous ovarian cancer, is higher than that of CT.
However, the imaging quality is affected by many factors,
such as body shape, subcutaneous fat thickness, ascites, depth
of mass, etc. It is easy to be confused with intestinal cavity,

@ Springer
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which increases the probability of missed diagnosis. The im-
proved depth learning algorithm proposed in this paper can
increase the recognition accuracy, but if the imaging quality is
not satisfactory, the algorithm in this paper can not help.
Therefore, in view of the clinical reality, this paper proposes
to use the detection of tumor markers as an auxiliary, and use it
in conjunction with the algorithm, so as to improve the accu-
racy of diagnosis. Ultrasound combined with serum tumor
markers is easier to be popularized in clinic because it is
cheaper than CT and MRI. In clinical trials, CA125 and car-
bohydrate antigen 19-9(CA19-9) were used as markers to
synthetically analyze and judge 180 patients with ovarian can-
cer. The results showed that the sensitivity and specificity of
combined detection for predicting ovarian malignant tumors
were improved. The combined detection was easy to imple-
ment, non-invasive and inexpensive, and could be used in the
screening and diagnosis of ovarian malignant tumors. It is
worth popularizing and applying in clinic.

Conclusions

With the development of theories and technologies in medical
imaging, most of the tumor can be incidentally detected in the
early stage. However, the nature of ovarian cysts lacks accu-
rate judgement, leading to that many patients with benign
nodules still need Fine Needle Aspiration (FNA) biopsies or
surgeries, increasing the physical pain and mental pressure of
patients as well as unnecessary medical health care costs.
Therefore, we present an image diagnosis system for classify-
ing the ovarian cysts in color ultrasound images. Firstly, the
ultrasound images are augmented to enlarge the size of train-
ing data set and used to fine-tune the parameters of the
pretrained GoogLeNet convolutional neural network, and
the rotation invariant uniform local binary pattern (ULBP)
features are extracted from each of the images as the low-
level texture features. Then the high-level deep features
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extracted by the fine-tuned GooglLeNet neural network and
the low-level ULBP features are normalized and cascaded as
one fusion feature that can represent both the semantic context
and the texture patterns distributed in the image. Finally, the
fusion features of the images are sent to the Cost-sensitive
Random Forest classifier to classify the images into “malig-
nant” and”benign”. Experimental results indicate that the
high-level features extracted by the deep neural network from
the medical ultrasound image can characterize the visual fea-
tures of the lesion region, while the low-level texture features
can describe the edges, direction and distribution of intensi-
ties. The combination of the two types of features can describe
the differences between the lesion regions and other regions,
and the dilferences between lesions regions of malignant and
benign ovarian cysts. In addition, our proposed algorithm also
has scale problem, which we will solve in future.
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