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Abstract - Breast cancer is one of the most common type of cancer leading to death the women. Cancer grows due to 
uncontrolled increase of the cells in the breast and spreads gradually throughout the whole body resulting in death. The 
specialist said to reduce the death rate from breast cancer need to detect early an d diagnosis the diseases effectively . This 
survey paper aims at determining the current state of art in breast cancer detection and limitations of existing techniques. The 
survey reveals that various approaches have been proposed based on fuzzy logic, deep learning, neural network and other 
similar approaches which helping specialist in breast cancer to detect and prevent this disease. The comparison between 
existing approaches was done based on three main evaluation parameters i.e., accuracy, sensitivity and specificity along with 
data sets used. 
 
Index Terms—Breast Cancer, Fuzzy System, Deep learning, Mammogram, Neural network. 
 
I. INTRODUCTION 
 
A report by World Health Organization (WHO) 
published in 2013 has shown that cancer is one of the 
leading causes of death. Early detection of cancer 
greatly increases the chance of taking the right decision 
on a successful treatment plane and save such early 
detection resulted in saving approximately 37.3% 
patients (Salama, Abdelhalim et al. 2012). Cancer is 
the growth of abnormal cell with the potential to spread 
to other parts of the body (IARC at 2014). The cancer 
can be classified into two types: malignant and benign. 
The main challenge is how to diagnose malignant or 
benign cancer, and separate the mass from the 
surrounding tissues. Many studies have used 
computational algorithms to classify whether the 
cancer is benign or malignant tumours (Huaqing,et at 
2016 ). Some of the techniques include cellular neural 
networks (CNNs) and linear matrix inequality (LMI) 
for edge detection of noisy images, propagation neural 
network (Abdel-Zaher and Eldeib 2016) and other 
related technologies. However, this survey explores 
the most recent works starting from 2015 onwards in 
the area of breast cancer detection.  

 
Fiqure 1: The right breast normal and the left have cancer mass 

 

The organization of paper is as follows: Section 2 
presents discussion on recent approaches for 
classifying breast cancer. 
 
II. STATE-OF-THE ART FOR BREAST 
CANCER TECHNIQUES 
 
1. Fuzzy Logic Algorithm 
 
Fuzzy Gaussian modify with Grow Cut segmentation 
algorithm, which used to segment and classify regions 
of interest for the masses in breast cancer using 
mammographic images , the accuracy was 91.28% 
(Cordeiro, Santos et al. 2016). This analysis employed 
685 mammograms from IRMA breast cancer database, 
using fat and fibroid tissues. The model achievement is 
91.28% for fat tissues classification. When fuzzy logic 
method supported by decision- making system 
diagnosis of breast cancer, the accuracy improved to 95 
% (Ohri, Singh et al. 2016). After that unsupervised 
learning technique (i.e. fuzzy c-means clustering 
(FCM)) and supervised learning technique (i.e. 
back-propagation artificial neural network (BPANN)) 
to categorize benign and malignant tumors in breast 
ultra sound images (Singh, Verma et al. 2016). The 
experiment done by 178 B-mode breast ultrasound 
images, with 457 features were extracted with 
accuracy 95.862%, the accuracy reduced to 94.138% 
when only 19 most relevant features selected by 
multi-criterion feature. Then fuzzy-rough nearest 
neighbour algorithm was used as classifier model 
which consists of three phases: instance selection, 
feature selection and classification (Onan 2015). In 
fuzzy-rough instance selection method based on weak 
gamma evaluator is utilized to remove useless or 
erroneous instances. In the classification phase of the 
model, the fuzzy-rough nearest neighbour algorithm is 
utilized. They used the Wisconsin Breast Cancer 
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Dataset (WBCD) which include 683 records, 239 
malignant and 444 benign. The classification accuracy 
of 99.7151%. 
 
2. Naive Bayesian 
Naïve Bayesian used as model to prediction breast 
cancer recurrence within 5 years after breast cancer 
surgery  (Kim, Kim et al. 2016) . The researchers used 
data from Korean tertiary teaching hospital for 679 
patients, the accuracy was 80%.  The Naïve Bayes was 
extended to improve the performance using weight 
assignment on UCI machine learning repository 
dataset of breast cancer (Kharya and Soni 2016). At 
this paper 2 datasets named  WDBC and WBC were 
used with 699 images the accuracy was 87.06 %. Also 
a tool to for mammographic mass lesions using naïve 
Bayes (NB) classifier (Benndorf, Kotter et al. 2015). 
The researchers used separate training data (1,276 
lesions, 138 malignant) and validation data (1,177 
lesions, 175 malignant). The classifier validated 93.5 
% for the inclusive model accuracy and 87.6% for the 
descriptor model. Karabataka (2015) employed 
method to classify benign and malign used the 
weighted Naïve Bayesian depend on grid search 
mechanism to find the optimum weight. They used 
Wisconsin breast cancer database, which includes 699 
records. Each record in this database has 9 features. 
The result show that the sensitivity is 99.11%, 
specificity is 98.25 and the accuracy is 98.54%. 
 
3. Support Vector Machine 
SungHwan and Kim (Kim 2016) combined  the 
weighted K-means with support vector machine 
(wKM-SVM) and used weighted support vector 
machine (wSVM), the evaluation done at 2 databases 
which contain from 761 images and the accuracy was 
70%. Rochaa and other reserachers (da Rochaa, Braz et 
al. 2016) proposed a model to extract the features of 
masses by using Local Binary Patterns (LBPs) to 
generate a representation of a Region of Interest (ROI) 
image then using Adaptation Ecological diversity 
index to description the texture, finally the researchers 
use Support vector machine classify malignant and 
benign breast tumors. 
 
 The result achieved was of 88.31% accuracy, 85% 
sensitivity, 91.89% specificity, a positive probability 
ratio of 10.48, a negative probability ratio of 0.16, and 
an area under the Receiver Operating Characteristic 
(ROC) curve of 0.88. Also ((Korkmaz and Poyraz 
2015) Breast microscopic images are classified as 
normal, benign and malign with, mRMR_LSSVM 
method. It used 180 breast microscopic images, which 
are specified as 60normal, 60 benign and 60 malign. 
This accuracy rate, with (mRMR_LSSVM). obtained 
%100 in breast microscopic images. (Huang, Chen et 
al. 2017) proposed a to fully assess the prediction 
performance of SVM and SVM ensembles over small 
and large scale breast cancer datasets at UCI machine 
learning repository and ACM SIGKDD Cup 2008. 

which is composed of 699 data samples, the accuracy 
was 99.40%. 
4. Neural network 
(Civcik, Yilmaz et al. 2015) used Cellular neural 
networks (CNNs) to remove pectoral muscle and 
unnecessary parts from the mammogram images, 
supported the model by Automated Lesion intensity 
Enhancer (ALIE) to enhancing lesion intensities. They 
also used the multistable CNNs. After applying the 
combination of these methods on the MIAS database, 
the accuracy become 82.0%. In 2015 Masmoudi and 
others researchers (Masmoudi, Ben Ayed et al. 2015) 
proposed an approach for detect masses on 
mammographic images based on the Local Binary 
Pattern Variance (LBPV) and shape descriptors, also 
using Artificial Neural Network (ANN) to classify the 
masses. The results indicate that the approach achieves 
accuracy over 91% which are applied to 600 
mammographic, 300 for training and 300 for testing. 
Also (Rouhi, Jafari et al. 2015) proposed two 
segmentation approaches for classifying benign and 
malignant tumours using mammograms. One 
segmentation method consists of region growing 
method and other method consists of cellular neural 
network (CNN) approach. After necessary 
pre-processing of input mammogram, using region 
growing method and application of artificial neural 
network (ANN), necessary features from benign and 
malignant classification are extracted. In the CNN 
based approach, existing CNN model is applied for 
segmentation and classification purposes. The CNN 
model is trained using genetic algorithm. In these both 
methods, tumour boundary information is preserved to 
detect malign and benign tumours in mammograms. 
The average of the accuracy is 96%. (Truong, Tuan el 
at 2015) used Bayesian neural network (BNN) instead 
of using support vector machine (SVM) to increase the 
accuracy of tumour classification by using 
combinations of four model parameters . The dataset is 
74 sample, they use 80% of the data (59 samples) for 
training and 20% (15 samples) for testing. BNN 
successfully classifies the data using the combinations 
of four model parameters with an accuracy of 97.3%. 
 
5. Deep Learning 
A visual search engine developed based on deep 
learning to classify if the tissues is mass or not at the 
mammography images.(Ertosun and Rubin 2015). The 
model obtained 85% accuracy. Also deep learning 
used with the stacked auto encoder (SAE) to create a 
deep network by stacking multiple auto encoders 
hierarchically to improve the performance of an 
innovative deep learning model for classifying breast 
lesions (Wang, Yang et al. 2016). It is applied at 
SunYat-sen University Cancer Center (Guangzhou, 
China) and Nanhai Affiliated Hospital of Southern 
Medical University (Foshan, China ). The accuracy 
increased to 87.3%. When Zhang, Xiao (Zhang, Xiao 
et al. 2016) proposed deep learning architecture to 
classify malignant and benign breast tumours. The 
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(Zhang, Xiao et al. 2016) image representations using 
point-wise gated Boltzmann machine (PGBM) 
technique. SWE images of 291 patients after all 
necessary pre-processing were used to evaluate the 
proposed architecture. (Jiao, Gao et al. 2016) applied 
fine-tuning operation on the trained deep CNN model 
to acquire the feature extraction. It is applied at DDSM 
dataset accuracy 96.7%. 
 
III. CHALLENGES AND OPEN ISSUES: 
(RESEARCH GAPS) 
 
Although the techniques which used for breast cancer 
detection have been broadly accepted by many 
specialists, research on accuracy of the classification 
remains more development. Several existing issues 
have not been fully addressed. Moreover, new 
challenges in detecting this disease continue to rise. 
The challenges can be classified into a few groups 
according to their nature. Although the techniques 
which used for breast cancer detection have been 
broadly accepted by many specialists . But most of the 
existing research studies have indicated that the 
detection rate of breast cancer has increased by 14.8 % 
using Computer Aided Diagnosis (CAD) compared to 
radiology (Birdwell , Bandodkar el at 2016) (Jemal , 
Brael at 2011) but still existing issues have not been 
fully addressed as accuracy . An accurate classifier is 
the most important component of any CAD. 
(Abdel-Zaher & Eldeib, 2016) . Accurate breast cancer 
classification is still challenging due to the unknown 
cause of the disease and the similarities between 
benign and malignant masse. (Verma, McLeod, 
&Klevansky) . Some others are very time consuming 
to run , also  consuming run on CPU  (J.S. Leena 
Jasmine 2013) .  Deep learning methods are most 
effective when applied on large training sets. In the 
medical field such large datasets are usually not 
available. Initial studies can be found in the medical 
field that uses deep architecture methods (Prasoon et 
al., 2013) (Ciresan, Giusti, Gambardella, 
&Schmidhuber, 2013). Also to  deduce the counts of 
false negative(Sharma &Preet, 2016), select the best 
features , Some of the methods do not perform well 
when the training dataset is small (Elter&Horsch, 
2009), but the large datasets are usually not available 
for many  researchers , also misclassification rate of 
normal mammograms tissues as abnormal mass , also 
noise in segmentation the images (Sharma &Preet, 
2016).Selecting a satisfactory threshold value is a more 
critical challenge than detecting seed points for an 
image since the threshold can affect the extracted 
boundary information of the masses and, therefore, the 
diagnosis task. (Cao, Hao et al. 2010) . An accurate 
classifier is the most important component of any CAD. 
(Abdel-Zaher and Eldeib 2016). To achieve accurate 
breast cancer classification is still challenging due to 
the unknown cause of the disease and the similarities 
between benign and malignant masse. (Verma, 
McLeod et al.). Breast tumour SWE images contain 

artefact, noise, and other irrelevant patterns, such as 
irregular stiffness distributions. (Zhang, Xiao et al.), 
also the challenge is how to learn robust 
representations that can distinguish useful (i.e., 
task-relevant) patterns from large amounts of 
distracting (i.e., task-irrelevant) patterns (Nair and 
Hinton 2009). The important challenge is how to 
understand and utilize the patterns that may be 
task-relevant but are difficult to interpret by human 
observers, such as the black holes absent of colour on 
SWE, the missing areas with invalid stiffness values. 
(Zhang, Xiao et al. 2016). 
 
IV. DL-SPML Model 
 
Our  suggest to build  framework using Deep 
learning  with sequential projection based on 
metacognitive learning algorithm to Detection and 
Identification of Stages of Breast Cancer. 
(DL-SPML) 
Deep learning methods are most effective when 
applied on large training sets. In the medical field such 
large datasets are usually not available. Initial studies 
can be found in the medical field that uses deep 
architecture methods (Prasoon, Petersen et al. 2013) 
(Ciresan, Giusti et al. 2013). 
So to solve the problem for deep learning , we suggest 
to add the sequential learning .  
In a sequential learning framework, the training 
samples arrive one-by-one and the samples are 
discarded after the learning process. Hence, it requires 
less memory and computational time for the learning 
process. In addition, sequential learning algorithms 
automatically determine the minimal architecture that 
can accurately approximate the true decision function 
described by stream of the training sample(Cheu, 
2012). 

Figure 2: Framework for DL-SPML Model 
 
CONCLUSION 
 
In this survey paper, we have discussed various 
techniques system designed using different soft 
computing techniques from 2015 to 2017. These expert 
systems are widely used in medical field for 
classification and diagnosis of breast cancer tumor. 
The key concept of soft computing technologies is to 
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build an automated system that learns from the 
decision parameter of the diseases so that the designed 
system can be used to diagnose and treatment of 
patient with unknown disease symptoms. A large 
number of systems have been designed to assist 
decision makers to diagnose breast cancer diseases. To 
compare and evaluate the performance of the classifier, 
all the classifier studied in this paper were trained and 
tested with same data sets. A large number of soft 
computing methodologies also have been presented 
which are applied for identification of abnormalities in 
mammogram images to classify masses and micro. 
Different studies have demonstrated that medical 
expert system of breast cancer can achieve the higher 
classification rate with respect to expert radiologists. 
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