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a b s t r a c t 

Ultrasonography images of breast mass aid in the detection and diagnosis of breast cancer. Manually an- 

alyzing ultrasonography images is time-consuming, exhausting and subjective. Automated analyzing such 

images is desired. In this study, we develop an automated breast cancer diagnosis model for ultrasonog- 

raphy images. Traditional methods of automated ultrasonography images analysis employ hand-crafted 

features to classify images, and lack robustness to the variation in the shapes, size and texture of breast 

lesions, leading to low sensitivity in clinical applications. To overcome these shortcomings, we propose a 

method to diagnose breast ultrasonography images using deep convolutional neural networks with multi- 

scale kernels and skip connections. Our method consists of two components: the first one is to determine 

whether there are malignant tumors in the image, and the second one is to recognize solid nodules. In 

order to let the two networks work in a collaborative way, a region enhance mechanism based on class 

activation maps is proposed. The mechanism helps to improve classification accuracy and sensitivity for 

both networks. A cross training algorithm is introduced to train the networks. We construct a large anno- 

tated dataset containing a total of 8145 breast ultrasonography images to train and evaluate the models. 

All of the annotations are proven by pathological records. The proposed method is compared with two 

state-of-the-art approaches, and outperforms both of them by a large margin. Experimental results show 

that our approach achieves a performance comparable to human sonographers and can be applied to 

clinical scenarios. 

© 2018 Elsevier B.V. All rights reserved. 
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. Introduction 

Breast cancer is the most common cancer among women

orldwide. There has been a general uptrend in the morbidity of

reast cancer since the 1990s. ( Fitzmaurice et al., 2015 ) According

o the World Health Organization, breast cancer is responsible for

ver 50 0,0 0 0 deaths each year and 1.7 million new cases are diag-

osed every year. Breast cancer is the cancer with the highest in-

idence for women in 161 countries and the most common cause

or cancer deaths in women in 98 countries. Breast cancer can be

ured if diagnosed and treated early. Therefore, early detection is

rucial in increasing survivability, and periodic examinations are

ssential to potential risk groups ( Lee, 2002 ). 

Nowadays, diagnosis by pathological examination is considered

he gold standard for almost all types of cancer, and breast can-

er diagnosis usually requires a biopsy ( Leong and Zhuang, 2011 ).

owever, pathological examination is inefficient and inconvenient,
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equiring the participation of experienced surgeons and patholo-

ists. In histopathology image analyses, pathologists classify the

issues by cytology and histology descriptions, such as cell nuclei

rade, comedo necrosis, and micro infiltration. The identification of

mmunohistochemical markers is also required. This type of man-

al feature extraction is tedious and exhausting, and may result in

isdiagnosis or inconsistent results between different pathologists.

The breasts are superficial organs of the human body, which

eans that anomalies in breast mass are detectable by imaging

echniques. Mammography is one of the most popular imaging

odalities in detecting breast cancer. However, mammography is

napplicable to dense breasts, because of its sensitivity and ioniza-

ion limitations. Thus, other modalities such as ultrasonography are

ften suggested. Ultrasonography is capable of detecting and clas-

ifying nodules in the breast mass and is widely used because of

ts convenience, speed, non-invasiveness and low cost. Usually, ul-

rasonography images are analyzed manually by sonographers, this

s time-consuming and subjective. Thus, the development of an au-

omated breast cancer imaging analysis model is essential for im-

roving the efficiency and reliability of ultrasound examinations. 

https://doi.org/10.1016/j.media.2018.12.006
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2018.12.006&domain=pdf
mailto:lqlq1963@163.com
mailto:zhangyi@scu.edu.cn
https://doi.org/10.1016/j.media.2018.12.006


186 X. Qi, L. Zhang and Y. Chen et al. / Medical Image Analysis 52 (2019) 185–198 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

w  

a  

f  

b  

b

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2

 

i  

s  

a

2

 

p  

t  

(  

t  

t  

f  

l

 

v  

b  

t  

t  

s  

a  

d  

K  

s  

l  

1  

m  

a  

o  

p  

g  

e  

i  

t  

a  

s  
An ultrasound examination involves taking several images of

the breast mass using ultrasonic equipment. The sonographer in-

teracts with the patient, examines tissues of interest from various

directions and captures images containing features of the artifacts.

The sonographer then provides descriptions of each image. If there

are abnormalities detected in ultrasonography, it is recommended

that the patient submit to further analyses such as mammography,

biopsy, or frozen-section examination. The results of these exam-

inations lead to a final diagnosis accompanied by a pathological

report. Although ultrasonic equipment is widely used in medical

institutions, professional sonographers and breast surgeons are in

short supply to primary hospitals and clinics. Clinical diagnoses

often take a long time following ultrasonography examinations,

which may impede successful recovery. Furthermore, manual anal-

ysis of ultrasonography images is highly subjective: the specificity

and sensitivity of manual diagnoses are 91% and 84% in the classi-

fication of breast cancer ( Giger et al., 2013 ). 

Automated breast cancer diagnosis is helpful to make the diag-

nosis of breast cancer more reliable and efficient. Many computer-

aided diagnosis systems have been proposed to assist sonogra-

phers. However, most of them focus on the detection of breast

nodules, followed by manually designed feature extractors. 

In this study, we propose a new methodology to diagnose

breast ultrasonography images in a fully automated manner. Tak-

ing an ultrasonography image as input, the automated breast can-

cer diagnosis model generates a diagnosis and clinical advice for

sonographers and breast surgeons. Our model could be used in

some medical institutions with ultrasonic equipment. After the ul-

trasound examination, sonographers and breast surgeons could use

our model to perform instant diagnosis, and the diagnosis results

can assist the doctors to provide advice for the patient. The model

is also easily accessible to patients everywhere through the inter-

net. The diagnosis is accomplished in two steps. The first step is

designed to recognize whether the input image contains malig-

nant tissues, which is the most urgent concern. The second step

is to recognize solid nodules in the image because solid nodules

have a strong correlation with malignant tissues and should be

treated carefully. If malignant tumors or solid nodules are recog-

nized, the patient are suggested to get further examinations and

medical treatments immediately, otherwise periodic inspections

are recommended. Early and reliable diagnoses allow timely treat-

ments, leading to the reduction of the morbidity and mortality of

breast cancer. 

Creating an automated breast cancer diagnosis model based on

ultrasonography images is a challenging task because of the fol-

lowing obstacles. (1) In an ultrasonography image, breast cancer

and disease are indicated by a large variety of features includ-

ing the texture of breast mass, the existence of calcification, and

the thickness of vessels and ducts. These features are of different

shapes and sizes, rendering them difficult to extract appropriately

for classification. Traditional methods use carefully hand-crafted

low-level operators and algorithms to extract features from the im-

ages. These methods are sensitive to image quality and may have

poor generalization ability under different scenarios. Moreover, the

image acquisition is often performed under varying conditions, in-

creasing the variability of tissue appearance. (2) To learn the fea-

tures of breast ailments from ultrasonography images, a large num-

ber of annotated data is required. The collection and annotation

of such data are laborious. (3) The assessment of ultrasonography

images depends on the experience of the annotators, and inconsis-

tencies between different annotators for the same image are likely

to occur. 

We overcome the above stated challenges through the following

methods. (1) We use convolutional neural networks with multi-

scale filters and skip connections to extract the features from

the data. Moreover, we propose a region enhance mechanism,
hich helps to improve the diagnosis accuracy. (2) We construct

 large-scale dataset of ultrasonography images annotated by pro-

essional sonographers and surgeons. (3) Each image is annotated

y two different experts, referred to the histopathology diagnosis

y pathologists. 

The proposed study makes several contributions: 

(1) We construct a large-scale ultrasonography image dataset

annotated by professional sonographers and surgeons. The

dataset is used to build fully automated models of breast

cancer diagnosis. To the best of our knowledge, our dataset

is larger in size than any ultrasonography image datasets

publicly available. 

(2) We propose a novel breast cancer diagnosis model. We

use convolutional neural networks to construct two sub-

networks to analyze and classify breast ultrasonography im-

ages. A novel region enhance mechanism is proposed to im-

prove the performance of our model. To train the networks,

a cross training algorithm is introduced. 

(3) The proposed model is capable of recognizing malignant tu-

mors and solid nodules in breast mass. As evaluated by pro-

fessional sonographers and breast surgeons with over 20

years of experience, the classification results are comparable

to those of human experts, indicating that the neural net-

works have learned the correct features for breast cancer di-

agnosis. 

. Related works 

Computer-aided Diagnosis System applied to breast cancer

maging have been studied for decades ( Jalalian et al., 2012 ). In this

ection, an overview of previous studies in breast cancer diagnosis

nd deep neural networks is presented. 

.1. Traditional methods for breast cancer diagnosis 

In breast ultrasonography images, the majority of the existing

ublications focus on segmentation and classification using tradi-

ional image processing techniques. Four main steps are involved:

1) Lesion detection; (2) image preprocessing; (3) feature extrac-

ion; and (4) classification. The lesion detection step aims at de-

ecting the location of breast nodules and the following two steps

ocus on extracting graphical features. Based on these features, the

ast step is to build a classifier for breast cancer diagnosis. 

For example, Chen et al. (2005) used the differences of gray

alue of neighboring pixels to estimate the fractal dimension of a

reast ultrasonography image by using the fractal Brownian mo-

ion. Furthermore, a CAD system based on the fractal analysis and

he k -means classification was proposed to classify the breast le-

ions into two classes: Malignant and benign. Ultrasonography im-

ges of 110 malignant and 140 benign tumors were included in the

ataset. The AUC was 0.922 and the accuracy was up to 88.80%.

uo et al. (2008) used the Virtual Organ Computer-aided AnaLy-

is (VOCAL TM ) imaging program to draw contour around the breast

esion and obtain vascularization histogram indices for the tumor.

02 benign and 93 malignant breast tumor images are collected. A

ulti-layer perceptron was used to build a classifier and achieved

 sensitivity for classifying malignancy of 90.3%, with a specificity

f 79.4%, a positive predictive value (PPV) of 80% and a negative

redictive value (NPV) of 90%. Tianur et al. (2017) employed region

rowing method along with manually conducted region of inter-

st (RoI) to determine the area of breast lesions in ultrasonography

mages. Six histogram features were extracted, followed by a mul-

ilayer perceptron to classify the breast cancer lesion into posterior

coustic enhancement or no posterior acoustic. The dataset con-

isted of 69 lesions with posterior acoustic enhancement and 29 no
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osterior acoustic. Performance of the proposed method achieved

ccuracy of 87.79%, sensitivity of 92.75% and specificity of 82.75%. 

Although traditional methods have made great achievements in

iding the diagnosis of breast cancer, the drawbacks are obvious.

he classification of these methods heavily relies on the lesion seg-

entation, meaning that errors in segmentation may cause failures

n subsequent classification. In real-world applications, there is a

ot of noise in ultrasonography images, making it harder to recog-

ize. Traditional methods lack robustness because of their depen-

ency on hand-crafted features. Moreover, choosing features man-

ally is exhausting and subjective, the performances of these ap-

roaches are difficult to improve. 

.2. Deep neural networks for breast cancer diagnosis 

Deep neural networks, powered by advances in compute capa-

ility and very large annotated datasets, have achieved revolution-

ry breakthroughs in computer vision. In recent years, very deep

onvolutional neural networks (CNNs) became the mainstream in

mage classification tasks since AlexNet ( Krizhevsky et al., 2012 )

on the 2012 ImageNet competition ( Russakovsky et al., 2015 ).

umerous novel architectures of CNNs have been proposed in a

ange of image classification and detection applications ( Simonyan

nd Zisserman, 2014; Girshick et al., 2014; Shelhamer et al., 2017 ).

ompared with traditional image processing methods, deep CNNs

xtract features of different levels in a data-driven manner and

here is no need for hand-crafted features, reducing the workload

f doctors. 

Yap et al. (2018) proposed the use of deep learning approaches

or breast lesion detection in ultrasonography images and inves-

igated three different methods: Patch-based LeNet ( LeCun et al.,

998 ), U-Net ( Ronneberger et al., 2015 ), and transfer learning ap-

roach with a pretrained FCN-AlexNet. Their methods are com-

ared with four state-of-the-art lesion detection algorithms and

utperformed the latter. The FCN-AlexNet based model achieved

 true positive rate over 0.93, averaged false positives per image is

round 0.16. 

Byra et al. (2017) built a neural network with three convolu-

ional layers and two fully-connected layers for breast classifica-

ion. The dataset used consisted of 166 malignant tumors and 292

enign masses. Five-fold cross-validation was performed, the aver-

ged AUC was 0.912, with an accuracy of 83.0% and a sensitivity of

2.4%. 

Cheng et al. (2016) used stacked denoising autoencoders

 Vincent et al., 2010 ) to build a CADx for the classification of ma-

ignant and benign tissues in breast ultrasonography images and

ulmonary nodules in CT scans. The method was compared with

wo state-of-the-art traditional algorithms, outperformed them on

oth tasks. The proposed model achieved an accuracy of 94.4% and

n AUC of 0.984 on a dataset involving 275 benign and 245 malig-

ant lesions. 

Han et al. (2017) exploited the deep learning framework to

ifferentiate malignant and benign lesions and nodules in breast

ltrasonography images. A biopsy-proven dataset containing 7408

mages was built, with target regions of interest selected by ra-

iologists. The images were cropped to fix the distance between

he lesion boundary and the boundary of the cropped image.

oogLeNet ( Szegedy et al., 2015 ) was employed to build the classi-

cation model, showing an accuracy of about 90%, a sensitivity of

6% and a specificity of 96%. 

According to previous studies, deep neural networks have

hown better performance than traditional methods for breast can-

er diagnosis based on ultrasonography images. However, most

orks are based on breast lesion detection, requiring manually an-

otated RoIs. Moreover, missed diagnosis is the most severe situa-

ion in breast cancer examinations, false negative rate (FNR) should
e as low as possible. The FNRs of previous studies are over 10%,

aking it unsuitable for real-world clinical applications. In the cur-

ent study, we propose a fully automated manner for breast ultra-

onography images analysis. The input image is classified into ma-

ignant or non-malignant in an end-to-end manner, with a false

egative rate lower than 5%. Further investigation is performed on

on-malignant cases to recognize solid nodules, which is helpful to

ecrease missed diagnosis and allows doctors to focus on high risk

roups. Experimental results show that our approach is applicable

o real-world scenarios. 

. Methods 

In this section, we describe the proposed method used in the

iagnosis of breast ultrasonography images in detail. The diagno-

is is accomplished by two neural networks in a cascade manner.

irstly, a network is constructed to classify images according to

hether they contain malignant tumors since malignant tumors

re the most severe among all breast ailments, we call this net-

ork the Mt-Net. Secondly, the images are further classified by an-

ther network according to whether they include solid nodules, as

olid nodules are closely related to cancer and should be treated

arefully. The second network is called the Sn-Net. We describe

he basic architectures of the two networks in the following sub-

ection, then a novel and powerful region enhance mechanism is

resented. 

.1. Basic architectures of the proposed neural networks 

Deep neural networks are a powerful tool in machine learn-

ng domains such as pattern recognition, audio signal recognition,

nd natural language processing. This kind of model is formally

enoted by a highly nonlinear function f : X → Y, where X rep-

esents the input space and Y represents the output space. Deep

eural networks learn to create a more abstract representation of

he data, and have been shown to be universal function approxi-

ators. 

Deep convolutional neural networks have achieved remarkable

erformance on pattern recognition tasks because of their pow-

rful feature extraction capabilities. A deep CNN is a feedforward

etwork constructed of convolutional, pooling and fully connected

ayers. The main components of deep CNNs are convolution ker-

els, resembling the manually designed and calibrated filters in

raditional image processing methods. The operation in each con-

olutional layer of the CNNs is defined by: 

 

l+1 
n = f 

( 

M ∑ 

m =1 

W 

l 
nm 

∗ a 

l 
m 

+ b 

l+1 
n 

) 

(1) 

here a 

l+1 
n and a 

l 
m 

represent the n th feature map in the (l + 1) th

ayer and the m th feature map in the l th layer, respectively, and M

enotes the number of feature maps in layer l . W 

l 
nm 

∈ R 

I×J repre-

ents the 2D convolution kernel of size I × J from the m th feature

ap in the l th layer ( a 

l 
m 

) to the n th feature map in the posterior

ayer ( a 

l+1 
n ) and 

∗ denotes the 2D convolution operation. If the pre-

ious layer contains more than one feature map, the results of the

orresponding convolution operations are summed up as shown

n Eq. (1) , then passed through a nonlinear activation function f .

here are many activation functions in neural networks, the most

ommon used in CNNs is relu function, as defined in Eq. (2) . Con-

olutional layers are typically followed by pooling layers where the

ost frequently used methods are max pooling and average pool-

ng. Fully connected layers usually appear in the bottom of the ar-

hitecture, unlike convolutional layers, which are locally connected,

ll neurons in a fully connected layer are connected with neurons
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Table 1 

The outline of the Mt-Net used in our work. 

Type Kernel size/stride(padding) Output size 

conv 3 × 3/2(0) 149 × 149 × 32 

conv 3 × 3/1(0) 147 × 147 × 32 

conv 3 × 3/1(1) 147 × 147 × 64 

pool 3 × 3/2(0) 73 × 73 × 64 

conv 1 × 1/1(0) 73 × 73 × 80 

conv 3 × 3/1(0) 71 × 71 × 192 

pool 3 × 3/2(0) 35 × 35 × 192 

inception 1 × 1/1(0) 1 × 1/1(0) pool3 × 3/1(1) 1 × 1/1(0) 35 × 35 × 320 

3 × 3/1(1) 5 × 5/1(2) 1 × 1/1(0) 

3 × 3/1(1) 

Feature map concatenation 

block (35) × 10 1 × 1/1(0) 1 × 1/1(0) 1 × 1/1(0) 35 × 35 × 320 

3 × 3/1(1) 3 × 3/1(1) 

3 × 3/1(1) 

Feature map concatenation 

1 × 1/1(0) 

Scale down by factor 0.17 + input 

relu activation 

inception 1 × 1/1(0) 3 × 3/2(0) pool3 × 3/2(0) 17 × 17 × 1088 

3 × 3/1(1) 

3 × 3/2(0) 

Feature map concatenation 

block (17) × 20 1 × 1/1(0) 1 × 1/1(0) 17 × 17 × 1088 

1 × 7/1(1,2) 

7 × 1/1(2,1) 

Feature map concatenation 

1 × 1/1(0) 

Scale down by factor 0.10 + input 

relu activation 

inception 1 × 1/1(0) 1 × 1/1(0) 1 × 1/1(0) pool3 × 3/2(0) 8 × 8 × 2080 

3 × 3/1(1) 3 × 3/2(0) 3 × 3/2(0) 

3 × 3/2(0) 

Feature map concatenation 

block (8) × 9 1 × 1/1(0) 1 × 1/1(0) 8 × 8 × 2080 

1 × 3/1(0,1) 

3 × 1/1(1,0) 

Feature map concatenation 

1 × 1/1(0) 

Scale down by factor 0.20 + input 

relu activation 

block (8) without the last relu activation 1 × 1/1(0) 1 × 1/1(0) 8 × 8 × 2080 

1 × 3/1(0,1) 

3 × 1/1(1,0) 

Feature map concatenation 

1 × 1/1(0) 

Scale down by factor 0.20 + input 

conv 1 × 1/1(0) 8 × 8 × 1536 

average pool 8 × 8/1(0) 1536 

dropout (0.2) 1536 

linear 2 

softmax 2 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1  

n  

m  

s  

o  

c  

p

 

w  

M  

r  

v  

l  

(  

t  

m  

k  

r  
in the subsequent layer. 

f (x ) = 

{
0 x ≤ 0 , 

x x > 0 . 
(2)

Breast cancer and ailments are characterized by a large variety

of features, such as the texture of breast mass, existences of cal-

cification, thicknesses of vessels and ducts, comedo necrosis and

micro infiltration. These features are of different shapes and sizes

which makes it difficult to extract appropriately for classification.

Furthermore, the ultrasonography image has a high dimension and

covers a wide range of breast mass, and the features indicating

breast cancer and ailments lie in different local regions of the im-

age. To overcome these challenges, we employ convolution kernels

with different sizes to extract features of various scales. The ap-

plication of multi-scale convolution kernels is known as the Incep-

tion module, which is firstly introduced by the GoogLeNet. Feature

maps from the previous layer are passed through several convo-

lutional layers and pooling layers with different kernel sizes like
 × 1, 3 × 3, and 5 × 5, the output feature maps are then concate-

ated, as shown in Fig. 2 . The intuition behind the use of Inception

odules is to let the network learn features with different types,

hapes, and sizes. To overcome the difficulties in the optimization

f deep networks, residual module has been proposed. The module

an be formulated as a 

l+1 = F l ( a 

l ) + a 

l , where a 

l represents the in-

ut feature maps and F l ( a 

l ) denotes the residual connections. 

To analyse breast ultrasonography images, we propose two net-

orks in a cascade manner. The input image is first fed into the

t-Net to identify malignant tumors, and then into the Sn-Net to

ecognize solid nodules. Latest studies indicated that a large con-

olutional kernel can be replaced by several small kernels, we fol-

ow the design and use two 3 × 3 kernels to replace a 5 × 5 kernel

 Ioffe and Szegedy, 2015 ). Based on the Inception-Resnet-v2 archi-

ecture ( Szegedy et al., 2016a ), we equip the Mt-Net with Inception

odules and skip connections, as shown in Fig. 2 . We utilize 1 × 1

ernels to reduce the number of feature maps, and scale down the

esiduals with a factor between 0.1 and 0.2 before adding them to
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Table 2 

The outline of the Sn-Net used in our work. 

Type Kernel size/stride(padding) Output size 

conv 3 × 3/2(0) 149 × 149 × 32 

conv 3 × 3/1(0) 147 × 147x32 

conv 3 × 3/1(1) 147 × 147x64 

pool 3 × 3/2(0) 73 × 73 × 64 

conv 1 × 1/1(0) 73 × 73 × 80 

conv 3 × 3/1(0) 71 × 71 × 192 

pool 3 × 3/2(0) 35x35 × 192 

block (3a) 1 × 1/1(0) 1 × 1/1(0) pool3 × 3/1(1) 1 × 1/1(0) 35 × 35 × 256 

block (3b) 3 × 3/1(1) 5 × 5/1(2) 1 × 1/1(0) 35 × 35 × 288 

block (3c) 3 × 3/1(1) 35 × 35 × 288 

Feature map concatenation 

block (3d) 1 × 1/1(0) 3 × 3/2(0) pool3 × 3/2(0) 17 × 17 × 768 

3 × 3/1(1) 

3 × 3/0(2) 

Feature map concatenation 

block (4a) 1 × 1/1(0) 1 × 1/1(0) pool3 × 3/1(1) 1 × 1/1(0) 17 × 17 × 768 

block (4b) 1 × 7/1(3) 1 × 7/1(3) 1 × 1/1(0) 17 × 17 × 768 

block (4c) 7 × 1/1(3) 7 × 1/1(3) 17 × 17 × 768 

block (4d) 1 × 7/1(3) 17 × 17 × 768 

7 × 1/1(3) 

Feature map concatenation 

block (4e) 1 × 1/1(0) 1 × 1/1(0) pool3 × 3/2(0) 8 × 8 × 1280 

1 × 7/1(3) 3 × 3/2(0) 

7 × 1/1(3) 

3 × 3/2(0) 

Feature map concatenation 

block (5a) 1 × 1/1(0) 1 × 1/1(0) pool3 × 3/1(1) 1 × 1/1(0) 8 × 8 × 2048 

block (5b) 3 × 3/1(1) 1 × 3/1(1) 3 × 1/1(1) 1 × 1/1(0) 8 × 8 × 2048 

1 × 3/1(1) 3 × 1/1(1) 

Feature map concatenation 

average pool 8x8/1(0) 2048 

dropout (0.2) 2048 

linear 2 

softmax 2 
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t  
he input feature map. The architecture of the Sn-Net is based on

he Inception-v3 architecture ( Szegedy et al., 2016b ), and the final

lassification of the default network is replaced by a convolutional

ayer with kernel size of 1 × 1. The number of output feature maps

re set to 2 for binary classification. 

The basic architectures of the Mt-Net and the Sn-Net are

resented in detail in Tables 1 and 2 . In the Mt-Net, there are

hree types of inception blocks with skip connections, we name

hem block (35), block (17) and block (8), which are repeated 10,

0 and 9 times, respectively. In the Sn-Net, there are 11 inception

locks in total. To be clear, the blocks are named from block (3a)

o block (5b). 

.2. Region enhance mechanism 

In addition to the basic networks described above, we propose

 novel region enhance mechanism. The motivation is to let the

t-Net and the Sn-Net work collaboratively. Inspired by the atten-

ion mechanism, we use the feature visualization results as inputs

f the proposed networks. The feature visualization result indicates

he region of input image that the network focuses on, and we use

t as an additional input to subsequent networks. For example, the

isualization result of the Mt-Net represents the region responsible

or the identification of malignant tumors, since malignant tumors

re very close to solid nodules, this kind of information may be

elpful for the recognition of solid nodules. Similarly, the visualiza-

ion of the Sn-Net is beneficial for the classification of the Mt-Net.

Fig. 1 shows the architecture of our proposed method. The Mt-

et and the Sn-Net work in a collaborative way. The Mt-Net takes

wo images as input, the breast ultrasonography image, and the

isualization result from the Sn-Net. Two inputs go through two

athways separately, high level features are aggregated in the mid-
le of the network. The network outputs the classification result

f malignant or non-malignant, as well as the visualization result.

he Sn-Net takes the visualization and the ultrasonography image

s input, and works in a similar way. 

The visualization results are calculated based on the Class Acti-

ation Mapping (CAM) algorithm ( Zhou et al., 2016 ). The CAM al-

orithm uses the weights for a particular category in the classifi-

ation layer along with the last group of feature maps before the

lobal average pooling, that is, 1536 feature maps of 8 × 8 size in

he Mt-Net and 2048 feature maps of 8 × 8 size in the Sn-Net,

o generate a heat map of the same size as the feature map. The

eat map is then normalized and resized to match the size of in-

ut image. The computation of the class activation maps is defined

s follows: 

AM c = 

N ∑ 

n =1 

W 

L −1 
cn · a 

L −1 
n , (3) 

here c denotes the classification result of the network. For exam-

le, for the Mt-Net, c = 1 means non-malignant and c = 2 means

alignant. W 

L −1 represents the convolutional kernel in the layer

fter global pooling, and a 

L −1 
n represents the n th feature map be-

ore global pooling. 

We use the class activation map of the category with

arger probability as the visualization result, meaning that c =
rg max c a 

L , where a 

L is the softmax output of the last layer. The 

ap acts as input of another network, and the high level feature

ggregation are defined as follows: 

 

l = F img 

(
x img 

)
+ λ ∗ F cam 

( x cam 

) (4) 

here x img and x cam 

represent the breast ultrasonography image

nd the class activation map respectively. F img and F cam 

represent

he convolutional layers that the two inputs go through, and λ de-
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Fig. 1. The main architecture of the proposed model. Two networks, the Mt-Net and the Sn-Net work collaboratively in a cascade manner. We use class activation maps as 

additional inputs to construct a region enhance mechanism, experiment results show that the mechanism makes improvements to model performance. 
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M  
notes the scale factor of the features from x cam 

. Since the acti-

vation function in the basic network architectures are relu func-

tion, defined in Eq. (2) , there may be many zeros in F img ( x img )

and F cam 

( x cam 

). We use add operations here to act as an “enhance”

mechanism, the focused region is enhanced, and the left region is

unchanged. Scale factor λ is used to control the strength of the

enhancement. 

For the Mt-Net, there are 40 inception blocks with skip con-

nections in the basic network architecture. We perform the feature

aggregation after 30 blocks, on feature maps of size 1088 × 17 × 17,

as presented in Fig. 1 . For the Sn-Net, which is based on the

Inception-v3 architecture, the feature aggregation is performed af-

ter block (3d), which is introduced in Table 2 . 

3.3. Multi-input prediction 

In an ultrasound examination, the sonographer examines tis-

sues of interest from various directions and using various modes,

with various pressures of the probe. With different directions and

pressures of the probe, the captured images of the same tissue

show great difference. As presented in Fig. 3 , different pressures

cause deformation of the same tumor, generating different images.

The examined tumor is round under low pressure, while under

high pressure, it appears to be oval and flat. In order to encompass

the main characteristics of the tissues and reduce the side effects

of misoperation, the sonographer needs to be trained rigorously for

many years. 

Conventional CNNs takes square images as inputs, for exam-

ple, the input size is 224 × 224 for Inception-v2, and 299 × 299

for Inception-v3. Confronted with non-square images, the most

frequently used image preprocessing method is resizing the

original image to match the input size of CNNs. In this study, be-

cause the images are captured with different kinds of instruments,

the collected breast ultrasonography images are of various sizes

and aspect ratios. However, resizing the ultrasonography images to

square images causes deformation of the breast tissues, resulting

in deviation from the original images. As presented above, images

with unexpected deformation would have little diagnostic value,

which may have side effects on the training and prediction of neu-

ral networks. 
In this study, we propose a multi-input prediction method, as

hown in Fig. 4 . The original images are resized with aspect ratios

aintained. To generate a square input image, we first scale the

mallest side of the original image to the input size of the neural

etworks, that is, 299 pixels for both the Mt-Net and the Sn-Net.

hen, a random crop of 299 × 299 pixels is selected for training.

or the validation and testing set, five uniformly-spaced image ar-

as of 299 × 299 pixels are selected. We then average the predic-

ion results over all five cropped images. 

.4. Experimental setups and training 

Employing the proposed region enhance mechanism, the Mt-

et and the Sn-Net work collaboratively, which means perfor-

ance of one network relies partially on another network. We pro-

ose a cross training procedure, as presented in Algorithm 1 . The

t-Net and the Sn-Net are trained alternately, one at a time, and

e use the cross-entropy function as the cost function in the train-

ng process: 

 = −
N ∑ 

i =1 

y i log (a i ) (5)

here N denotes the number of elements in the model prediction.

 i denotes the i th element of the model prediction and y i repre-

ents the i th element of the label. 

In the training of the Mt-Net, since the two networks are in

 cascade manner, the Mt-Net has no visualization inputs at the

eginning. To solve the problem, two ways of training are pro-

osed. In each step, one of them is picked randomly to train the

t-Net. 

We first sample a probability p from uniform distribution to

ick one way. If p < 0.5, the Mt-Net is trained without visualiza-

ion inputs. x Mt 
cam 

is set to zeros and x Mt 
img 

is set to one mini-batch

f breast ultrasonography images to train the Mt-Net. The corre-

ponding labels are employed to calculate cross-entropy cost, and

arameters of the Mt-Net are updated by gradient descending. If

 ≥ 0.5, the Mt-Net is trained with visualization inputs. The first

tep is to set x Mt 
cam 

to zeros and x Mt 
img 

to one mini-batch of breast

ltrasonography images, and perform forward computation of the

t-Net, generating visualization results as inputs for the Sn-Net. In
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Algorithm 1: Cross training. 

1 begin 

2 for number of training iterations do 

3 for number of mini-batches do 

4 Sample p from uniform distribution. 

5 if 0 < p < 0 . 5 then 

6 x Mt 
cam 

← 0 , x Mt 
img 

← mini-batch; 

7 Update parameters of the Mt-Net by gradient 

descending . 
8 end 

9 else 

10 x Mt 
cam 

← 0 , x Mt 
img 

← mini-batch; 

11 Forward computation of the Mt-Net, get CAM 

result CAM 

Mt to be used as the input of the 

Sn-Net; 

12 x Sn 
cam 

← CAM 

Mt , x Sn 
img 

← mini-batch; 

13 Forward computation of the Sn-Net, get CAM 

result CAM 

Sn to be used as the input of the 

Mt-Net; 

14 x Mt 
cam 

← CAM 

Sn , x Mt 
img 

← mini-batch; 

15 Update parameters of the Mt-Net by gradient 

descending . 
16 end 

17 x Mt 
cam 

← 0 , x Mt 
img 

← mini-batch; 

18 Forward computation of the Mt-Net, get CAM result 

CAM 

Mt to be used as the input of the Sn-Net; 

19 x Sn 
cam 

← CAM 

Mt , x Sn 
img 

← mini-batch; 

20 Update parameters of the Sn-Net by gradient 

descending . 
21 end 

22 end 

23 end 
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Fig. 2. An Inception module used in the Mt-Net, with a skip connection. There are 

three sizes of convolutional kernels in the module, 1 × 1, 3 × 3, and 5 × 5. The resid- 

ual connection is scaled down with a factor between 0.1 and 0.2. 
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he second step, the Sn-Net takes the ultrasonography images and

isualization results of the Mt-Net as inputs x Sn 
img 

and x Sn 
cam 

, respec-

ively, generating visualization results as inputs for the Mt-Net. In

he third step, we use the visualizations as x Mt 
cam 

, along with the

ltrasonography images x Mt 
img 

to train the Mt-Net. 

In the training of the Sn-Net, we set the x Mt 
cam 

for the Mt-Net

o zeros, the visualization results are then used as x Sn 
cam 

, which

s fed into the Sn-Net. The class activation maps x Sn 
cam 

and breast

ltrasonography images x Sn 
img 

are then used as inputs to train the

n-Net. 

The cross training algorithm is designed to satisfy the needs of

eal-world applications. Since the Mt-Net is trained with two ways

andomly, it works properly even with no visualization inputs, re-

ulting in a significant reduction in computation time cost. In real-

orld applications, the region enhance mechanism could be turned

ff to save computing resources. While in applications requiring

igh accuracy and sensitivity, we could turn the region enhance

echanism on to get better performance. 

Previous studies indicate that the parameters obtained by pre-

raining on a large dataset can be transferred to another appli-

ation trained on a different dataset ( Yosinski et al., 2014 ). Both

he networks are pre-trained on the ImageNet dataset which con-

ains 1.2 × 10 6 training images, 5 × 10 4 validation images and 10 5 

esting images. After pre-training, the networks are fine-tuned on

ur own dataset with ADADELTA ( Zeiler, 2012 ) as the optimizer.

ropout ( Hinton et al., 2012 ) is applied to the last convolutional

ayers of the Mt-Net and the Sn-Net with a keep probability of

.8. To reduce the side effects of over-fitting, we apply L2 regu-

arization with λ of 10 −4 . The mini-batch size is fixed at 10. The
xperiments are implemented using MXNet ( Chen et al., 2015 ), an

pen-source scalable deep learning framework. It takes around 30

ours to fine-tune the Mt-Net and 10 hours to fine-tune the Nt-

et for each experiment, using a workstation with a NVIDIA Tesla

40m GPU. 

. Materials 

To develop the automated breast cancer diagnosis model, we

onstruct a large dataset of breast ultrasonography images. All of

he images are labeled referring to the reports by sonographers

nd pathological records under the supervision of breast cancer

urgeons. After data annotation, the labeled images are partitioned

nto training set, validation set and testing set. 

.1. Image collection 

The images of breast mass are screened by different kinds of

olor Doppler instruments including Philips iU22, ATL HDI50 0 0

nd GE LOGIQ E9. All of the ultrasonography images are obtained

rom the Department of Galactophore Surgery and Department of

ncology of West China Hospital, Sichuan University. Over 80 0 0

mages from 2047 patients from October 2014 to August 2017 are

ollected. For each image, we collect the ultrasound examination

ecord and pathological report, images without pathological re-

orts are not used in this study. If the patient took other exam-

nations or surgical operations, corresponding reports such as im-

unohistochemical analysis report and operation note are also col-

ected. Fig. 5 shows examples of ultrasonography images. 

.2. Data annotation 

The ultrasonography images are labelled in two phrases. First,

 malignant dataset (Mt-Set) is constructed to determine whether

n examined image contains malignant changes, which is the most

eaningful in clinical applications. All images are classified into
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Fig. 3. Examples of ultrasonography images captured with different level of pressure. (a) Low pressure. (b) High pressure. 

Fig. 4. The proposed multi-input prediction method. During the validation and testing steps, five crops are selected and the predictions are averaged. 

Table 3 

The clinical descriptions of labels. 

Labels Clinical descriptions 

Malignant Breast cancer detected 

Non-malignant No Breast cancer detected 

With solid nodules Tumors or calcification detected 

Without solid nodules No solid nodules are detected 
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two classes: non-malignant or malignant. The labels are deter-

mined on the basis of the Breast Imaging Reporting and Data Sys-

tem (BI-RADS) ( Liberman et al., 1998 ), which is widely used in

breast cancer imaging examinations. In BI-RADS, breast ailments

can be divided into six grades: BI-RADS I, II, and III represent non-

malignant, while BI-RADS IV, V, and VI indicate different degrees of

malignant. Second, another dataset (Sn-Set) is employed to train a

model recognizing solid nodules. All samples in the Mt-Set are fur-

ther labeled as including or not including solid nodules. For exam-

ple, images of tumors such as fibroadenoma and lipoma are con-

sidered as including solid nodules, while images of cysts and ductal

ectasia are considered as not including solid nodules. 
Table 3 shows the clinical features of the labels. Each ultra-

onography image is annotated by two annotators individually, ac-

ording to the pathological diagnosis and available reports. If there

re inconsistencies between the two annotators, the annotations

re then evaluated by a professional clinical breast cancer surgeon.

For the Mt-Set, there are 8145 images in total, 2759 images

re malignant and 5386 are non-malignant. The Mt-Set shows a

ata imbalance where most of the images are non-malignant. This

s consistent with clinical scenarios because there are fewer pa-

ients suffering from breast cancer than those with other ailments.

or the Sn-Set, all malignant images and 2713 of the 5386 non-

alignant images are labeled as including solid nodules, the re-

aining 2673 images are not. 

.3. Data partition 

Each dataset is split into training set, validation set and test-

ng set. 4/6 samples of the dataset are used for training, 1/6 for

alidation and 1/6 for testing. Images of each class are uniformly

istributed in each subset. In each dataset, 5429, 1357, and 1359

amples are used for training, validation and testing, respectively. 
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Fig. 5. Examples of ultrasonography images captured by colour Doppler instruments. (a) Malignant tumor. (b) Malignant tumor, note that the shape and size of this tumor 

are far away from those in (a). (c) Benign tumor. (d) Cyst, which is usually a small, ellipse sac filled with liquid. (e) Ductal ectasia. (f) Normal, means no breast sicknesses 

are detected. 
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Fig. 6. Confusion matrix of the subtask to distinguish images containing malignant 

tumors from non-malignant images. 

Table 4 

Experimental results on the Mt-Set, validation set. 

Method F- β Accuracy Sensitivity Specificity 

Mt-Net(BASIC) 0.878 93.07% 86.74% 96.32% 

Mt-Net(MIP) 0.916 92.85% 92.83% 92.87% 

Mt-Net(REM) 0.931 94.47 % 93.91 % 94.76% 

Han et al. 0.888 92.26% 88.91% 93.98% 

Cheng et al. 0.639 78.92% 62.17% 87.51% 

Table 5 

Experimental results on the Mt-Set, test set. 

Method F- β Accuracy Sensitivity Specificity 

Mt-Net(BASIC) 0.885 93.52% 87.39% 96.66% 

Mt-Net(MIP) 0.920 93.89% 92.61% 94.55% 

Mt-Net(REM) 0.942 94.48% 95.65% 93.88% 

Han et al. 0.905 93.08% 90.87% 94.22% 

Cheng et al. 0.645 79.54% 62.61% 88.21% 
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. Results 

.1. Evaluation criteria 

In this study, we use the accuracy, the F- β score ( Yates and

eto, 1999 ), and the area under the receiver operating characteris-

ic curve (henceforth referred to as AUC) as evaluation criteria. We

lso determine the sensitivity (also called the true positive rate or

ecall) and the specificity (also called the true negative rate). 

In breast cancer examinations, the most important criteria is

he sensitivity, meaning that the top priority is reducing the num-

er of missed diagnoses. We thus use the F- β score instead of the

-1 score to assign greater importance to sensitivity than to preci-

ion. We set β to 2.0 for both the Mt-Set and the Sn-Set according

o the data distribution. All experimental results are presented us-

ng the model which achieves the highest F- β score on the valida-

ion set. 

The criteria are defined as follows: 

accuracy = 

T P + T N 

T P + F P + F N + T N 

sensitivity = 

T P 

T P + F N 

precision = 

T P 

T P + F P 

specificity = 

T N 

T N + F P 

F- β score = 

β2 + 1 

β2 

sensitivity 
+ 

1 
precision 

(6) 

here TP, FP, FN, TN are the number of true positives, false posi-

ives, false negatives and true negatives, respectively. 

Fig. 6 shows the confusion matrix for the subtask to distinguish

mages containing malignant tumors from non-malignant images.

e define malignant as “positive” and non-malignant as “nega-

ive”. For the other subtask, which recognizes solid nodules, the

amples with solid nodules are defined as “positive” and those

ithout are defined as “negative”. 
.2. Experimental results 

.2.1. Results of the basic networks 

We introduce the experimental results of the basic networks

rst, region enhance mechanism and multi-input prediction are

ot employed. For convenience, the basic networks are called the

t-Net(BASIC) and the Sn-Net(BASIC). For the subtask to distin-

uish malignant samples from non-malignant samples, the Mt-

et(BASIC) achieves comparable performance to human sonogra-

hers. As presented in the first lines of Tables 4 and 5 , the pro-
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Fig. 7. The receiver operating characteristic curve for the Mt-Net. (a) ROC curve on 

the validation set. (b) ROC curve on the test set. 

 

 

 

 

 

 

 

 

 

Fig. 8. The receiver operating characteristic curve for the Sn-Net. (a) ROC curve on 

the validation set. (b) ROC curve on the test set. 

Table 6 

Experimental results on the Sn-Set, validation set. 

Method F- β Accuracy Sensitivity Specificity 

Sn-Net(BASIC) 0.920 87.62% 92.76% 77.08% 

Sn-Net(MIP) 0.930 87.91% 94.19% 75.06% 

Sn-Net(REM) 0.941 89.39% 95.29% 77.30% 

Han et al. 0.907 87.99% 90.57% 82.70% 

Cheng et al. 0.819 73.03% 82.79% 53.03% 
posed network achieved a F- β score of 0.878, an accuracy of

93.07%, with a sensitivity of 86.74% and a specificity of 96.32% on

the validation set. The model with the highest F- β score is tested

on the test set, and the Mt-Net(BASIC) achieved a F- β score of

0.885 and an accuracy of 93.52%. The Sn-Net(BASIC) achieved a

F- β score of 0.916 and an accuracy of 87.34% on the test set, as

presented in Tables 6 and 7 . The sensitivity and the specificity are

92.22% and 77.35% respectively. 

The proposed Mt-Net(BASIC) achieves a high accuracy and

specificity, which is applicable in clinical scenarios. The sensitiv-
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Fig. 9. Confusion matrices of two networks. (a) Mt-Net trained on the Mt-Set. (b) Sn-Net trained on the Sn-Set. 

Fig. 10. The high level features of the Mt-Net to perform the region enhance mechanism. 1st column: The input ultrasonography images; 2nd column: The input CAM 

visualization results; 3rd column: Features extracted from the ultrasonography images, the 1st feature map; 4th column: Features extracted from the CAM visualizations, the 

1st feature map; 5th column: Features extracted from the ultrasonography images, the 200th feature map; 6th column: features extracted from the CAM visualizations, the 

200th feature map. 

Table 7 

Experimental results on the Sn-Set, test set. 

Method F- β Accuracy Sensitivity Specificity 

Sn-Net(BASIC) 0.916 87.34% 92.22% 77.35% 

Sn-Net(MIP) 0.924 87.78% 93.31% 76.45% 

Sn-Net(REM) 0.932 90.13% 93.54% 83.18% 

Han et al. 0.887 85.28% 88.61% 78.47% 

Cheng et al. 0.805 71.74% 81.16% 52.47% 
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ty is relatively low, as the samples of different classes are highly

mbalanced in the dataset. Accuracy of the Sn-Net(BASIC) is a bit

ower, misclassified samples show that a few images with giant

ysts and inflammatory tissues are classified as solid nodules. The

eceiver operating characteristic curves of the basic networks are
hown in Figs. 7 and 8 . The AUC is 0.980 for the Mt-Net(BASIC)

nd 0.928 for the Sn-Net(BASIC). 

.2.2. The effectiveness of multi-input prediction 

We than evaluate the effectiveness of the proposed multi-input

rediction method. These models are called the Mt-Net(MIP) and

he Sn-Net(MIP). As presented in the second lines of Tables 4 –7 ,

xperimental results show a boost in sensitivity, which results in a

ignificant progress in the F- β score. The accuracy and AUC are al-

ost unchanged, however, the improvement in sensitivity is most

eaningful in breast cancer diagnosis. 

.2.3. The effectiveness of region enhance mechanism 

The proposed region enhance mechanism is employed based on

he networks with multi-input prediction. The model is trained
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Fig. 11. Visualization examples of the Mt-Net using the CAM algorithm, each row 

contains three pairs of input images and the correlated regions that the network 

focuses on. 

e  

i  

s  

v  

a  

o  
following the algorithm presented as Algorithm 1 , we call them

the Mt-Net(REM) and the Sn-Net(REM). Both the networks achieve

better performance than other approaches. The third lines of

Tables 4 –7 show the highest F- β scores, accuracies and sensitivi-

ties. The Mt-Net(REM) achieves an accuracy of 94.48% and a sensi-

tivity of 95.65% on the test set, and the accuracy and sensitivity of

the Sn-Net(REM) are 90.13% and 93.54%. The ROC curves are shown

in Figs. 7 and 8 , the AUC is 0.982 for the Mt-Net(REM) and 0.928

for the Sn-Net(REM). The confusion matrices on the test set are

presented in Fig. 9 . 

For the Mt-Net, high level features of the two inputs are

aggregated after 30 Inception blocks, on feature maps of size

1088 × 17 × 17. To analyse the effectiveness of region enhance

mechanism, we show the 1st and 200th feature maps in Fig. 10 .

The feature maps are resized to 299 × 299 pixels, same as the in-

put images, and normalized to [0, 255]. On one hand, as the 3rd

and 5th columns show, the features extracted from input images

F img ( x img ) focus on the lesions in ultrasonography images. On the

other hand, as the 4th and 6th columns show, the features from

CAM visualizations F cam 

( x cam 

) focus on the surroundings of the tu-

mors. Since the shape, orientation and margin are important char-

acteristics in breast cancer diagnosis, a possible explanation is that

this kind of features could work as supplementary features to en-

hance the regions around lesions. 

5.2.4. Comparison with other methods 

Tables 4–7 show a comparison of the proposed model

with two recent studies proposed by Cheng et al. (2016) and

Han et al. (2017) , which achieved better performance than tra-

ditional hand-crafted features. Cheng et al. proposed a CADx

based on stacked denoising autoencoders for the classification of

breast ultrasonography images. The method was compared with

the RANK algorithm ( Yang et al., 2013 ) with well-known GLCM-

based texture features, which is the state-of-the-art conventional

algorithm, and showed significant performance boost. Han et al.

employed GoogLeNet to classify malignant and benign lesions, fol-

lowing a standard deep learning procedure. The trained model

has been embedded in Samsung medison ultrasound instruments,

registered as S-Detect TM , which aims at helping standardize report-

ing and classification of suspicious breast lesions. 

To implement the method proposed by Cheng et al., we train

a stacked denoising autoencoder with input size 28 × 28, as pre-

sented in the paper. Since the input size is smaller than the im-

age size, for each image in the Mt-Set and the Sn-Set, a 60% patch

containing the lesions is cropped from the original image and re-

sized to 28 × 28 pixels. The SDAE is then trained with the patches

layer by layer. Optimal parameters are chosen based on 10 individ-

ual experiments, and we find that a 7 layer SDAE performs best.

After the training of the autoencoder, two extra output neurons

are added on the top of the network, and the scaling factors in

the height and width dimensions and aspect ratio are used as extra

inputs, which follows the method proposed in the paper exactly. 

To implement the method proposed by Han et al., we trained

a deep neural network based on the GoogLeNet architecture on

our datasets. The input ultrasonography images are resized to

255 × 255 and are converted to gray images. Two auxiliary clas-

sifiers of the default GoogLeNet are removed, and the last layer is

replaced by a fully connected layer with two output neurons. 

Experimental results show that our model outperforms both the

methods described above. For both the subtasks to identify malig-

nant tumors and recognize solid nodules, there is a large margin

between the method proposed by Cheng et al. and our models.

The test accuracies of our models are 15% higher than those of

Cheng et al., and the F- β scores and AUC values are also consider-

ably higher. There are several possible explanations accounting for

the superior performance of our method: (1) The method of Cheng
t al. takes a region of interest of size 28 × 28 as input, while the

nput image size of our method is 299 × 299 pixels. There may be

evere information lost in Cheng et al.’s approach; (2) Deep con-

olution neural networks are more powerful than fully connected

utoencoders in computer vision for feature extraction; (3) Instead

f pre-training as an autoencoder, the parameters of our models
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re pre-trained on the large ImageNet dataset. The transfer learn-

ng method is helpful in training very deep networks with inade-

uate data. 

Compared with the method proposed by Han et al., our BASIC

odels show similar performance. For the Mt-Net(BASIC), the ac-

uracy is about 0.5% higher, but the sensitivity is a bit lower. For

he Sn-Net(BASIC), the accuracy and sensitivity are higher, but the

pecificity is 0.9% lower. Due to the powerful convolutional layers,

oth Han et al.’s and our methods outperform the method pro-

osed by Cheng et al. Our REM models exhibit superior perfor-

ance on most metrics, except the specificity. This is attributed

o the multi-input prediction and region enhance mechanism pro-

osed in this study. 

.2.5. Visualization 

Visualization results of the Mt-Net are presented in Fig. 11 . Each

ow consists of three pairs of input image and corresponding visu-

lization. 

The input images in the first and second row of Fig. 11 are from

rue positive and true negative examinations. Comparing the in-

ut images and the corresponding visualization results, the maxi-

um output neuron in the softmax classifier is highly correlated

ith the lesion area in input image. This is consistent with the

ost concerned areas of radiologists and pathologists, indicating

hat the proposed model is capable of extracting the essential fea-

ures from the input for the diagnosis of breast cancer. In illegible

ases such as Fig. 11 (f), cyst and ductal ectasia are presented simul-

aneously, and the proposed model focuses on the areas covering

oth of the ailments. 

The false negative cases can be seen in the third row. As shown

n Fig. 11 (h), the correlated region by visualization deviates from

he actual lesion area, leading to an incorrect prediction. Compared

ith the results of the true positive and true negative examina-

ions, the model focuses more on regions without disease, which

ay interfere with the diagnosis of breast cancer. 

The false positive cases are shown in the forth row. In the val-

dation set and the test set, most false positive cases are atypi-

al samples which present similar features to malignant samples.

lthough the predictions are wrong, the model focuses on valu-

ble features in the input images. In Fig. 11 (j), the correlated region

atches the tumor even though the tumor is benign. In Fig. 11 (k),

he model focuses on the disordered echo beside the cyst, which

s important in breast cancer diagnosis. In Fig. 11 (l), the model fo-

uses on the blood flow signals, and the blood flow signals are

ighly related to malignant changes. 

. Conclusion 

Automated ultrasonography image diagnosis can improve the

fficiency and reliability of breast cancer screening and guide

athological examination. In this paper, we demonstrate that deep

eural networks can be used in ultrasonography image classifi-

ation for both malignant tumors and solid nodules. We propose

 method to diagnose breast ultrasonography images using deep

onvolutional neural networks with multi-scale kernels and skip

onnections. Two networks, the Mt-Net and the Sn-Net, are pro-

osed to identify malignant tumors and recognize solid nodules in

 cascade manner. In order to let the two networks work in a col-

aborative way, a region enhance mechanism based on class activa-

ion maps is proposed, along with a cross training algorithm. The

echanism helps to improve classification accuracy and sensitiv-

ty for both networks. We construct a large-scale annotated ultra-

onography breast image dataset to train and evaluate the models.

he proposed method is compared with two state-of-the-art ap-

roaches, and outperforms both of them by a large margin. 
Visualization results demonstrate that the model learned to lo-

ate and recognize lesion areas. Our proposed method showed ro-

ustness to the real-world dataset, rendering it feasible for clinical

pplications. Our future research will focus on the following: (1)

tilizing deep neural networks to determine whether ultrasonog-

aphy screening is helpful in guiding clinical operations, such as

he prediction of infiltration, necrosis, and nuclear grade; (2) fur-

her enlarging the dataset during the application in real-world sce-

arios; and (3) combining different image modalities, potentially

endering the diagnosis more accurate. 
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