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Abstract   

The present research work has been carried out with an aim to enhance the diagnostic 

potential of B-mode ultrasound imaging modality for the diagnosis of breast abnormalities.  To 

achieve this objective exhaustive experiments have been carried out in the present research 

work to (a) analyse the effect of despeckle filtering algorithms on breast ultrasound images, (b) 

analyse the effect of despeckle filtering algorithms on segmentation of breast tumors, (c) 

analyse the effect of despeckle filtering algorithms on classification of breast tumors, (d) design 

an efficient local binary pattern (LBP) based CAD system for classification of breast tumors, 

(e) design an efficient convolutional neural network based CAD system for classification of 

breast tumors.  For carrying out the experiments a comprehensive dataset of 100 B-mode breast 

ultrasound images comprising of cysts, fibroadenomas, lipomas in benign category, ductal and 

lobular carcinomas in malignant category has been taken from a standard benchmark database, 

ultrasoundcases.info.  

Initially exhaustive  experimentations have been carried out to analyze the effect of 42  

despeckle filtering algorithms taken from various filter categories namely (a) Local statistics 

based filters, (b) Fourier filters, (c) Fuzzy filters, (d) Multiscale filters, (e) Non-local mean 

filters, (f) Non-linear iterative filters, (g) Total variation filters and (h) Hybrid filters. The 

resultant despeckled images have been used for objective assessment and subjective 

assessment. For the objective assessment, an image quality metric named structure and edge 

preservation index (SEPI) has been proposed. This index quantifies the edge preservation and 

structure preservation capability of the filtering algorithm. Based on the results of the objective 

evaluation, out of 42 filters, 06 best performing despeckle filtering algorithms namely Lee 

sigma, BayesShrink, Detail preserving anisotropic diffusion (DPAD), Fourier ideal (FI), 

Fourier Butterworth (FB), and Homomorphic Fourier Butterworth (HFB) filters have been 

selected that result in controlled despeckling of the images. The images despeckled by these 06 

best performing despeckle filtering algorithms have further been used for the subjective 

assessment based on the radiologist’s grading. On the basis of both objective and subjective 

assessment, DPAD filter has been selected as an optimal filter for pre-processing the breast 

ultrasound images. The 100 original breast ultrasound images and 100 despeckled images pre-

processed using 06 best performing despeckle filtering algorithms have been considered for 

analysing the effect of despeckle filtering algorithms on segmentation of breast tumors.  
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Effect of despeckle filtering algorithms on segmentation of breast tumors- The original 

images as well as the images despeckled by the 06 best performing despeckling filtering 

algorithms have been subjected to the Chan and Vese active contour method for segmentation 

of breast tumors. The objective assessment of the segmentation algorithm has been carried out 

by computing the Jaccard index and subjective assessment has been carried out by the 

experienced participating radiologist. Based on the results of the study the DPAD has been 

selected as an optimal despeckle filtering algorithm resulting in efficient segmentation of breast 

tumors.  

Exhaustive experiments were carried out for analysing the effect of best performing 

despeckle filtering algorithms on classification of breast tumors- Initially four PCA-SVM 

based CAD systems based on (a) texture and morphological features computed from original 

images (b) texture and morphological features computed from despeckled images, (c)  texture 

features computed from original images and morphological features computed from despeckled 

images and (d) texture features computed from despeckled images and morphological features 

computed from original images. It was observed that the PCA-SVM based CAD system design 

based on texture features computed from original images and morphological features computed 

from images despeckled using DPAD filter yielded highest classification accuracy of 96.0 % 

with individual class accuracy values of 95.2 % and 96.6 % respectively.  

Four LBP based CAD system designs were implemented using classifiers namely, PCA-

SVM, ANFC-LH, GA-SVM and SAE-SM by computing LBP based texture features 

computed from original images and morphological features computed from images 

despeckled using DPAD filter- It was observed that the LBP based CAD system with ANFC-

LH classifier yielded the highest accuracy of 96.0 % with individual class accuracy values of 

90.4 % and 100 % for benign and malignant classes, respectively.  

Further to compare the performance of the existing conventional approaches with the state 

of the art deep learning techniques-  Initially four different transfer learning based CNN 

models with GoogleNet, VGG-19, ResNet-18 and SqueezeNet architecture have been 

implemented. It was observed that CNN based model based on GoogLeNet architecture yielded 

highest accuracy. Accordingly an optimal CNN based CAD system design based on deep 

feature extraction by GoogLeNet architecture and classification by ANFC-LH was designed 

yielding highest classification accuracy of 98.0 % with ICA values of 100 % and 96.6 % for 

benign and malignant cases respectively.  
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Chapter 1 

Introduction  

1.1. Motivation 

Cancer occurs when cellular changes in the body result in uncontrolled growth of cells, 

thus forming tissue masses called tumors [76]. These tumors can either be benign or malignant. 

The benign tumors are considered to be non-cancerous as these tumor cells do not spread to 

other parts of the body, have a slower growth rate and are more differentiable. The malignant 

tumors are considered to be cancerous and can invade other healthy tissues in the body. 

Through the lymph system or blood stream, these cells often travel to other parts of the body 

resulting in the formation of new tumors. This process is known as metastasis [76]. Breast 

cancer develops in the breast cells beginning either in the breast lobules or the ducts. It has 

become a major health concern nowadays and is the most common form of cancer occurring in 

women [134]. The risk factors associated with the development of breast cancer are: (a) 

Genetic mutations, (b) Radiation therapy, (c) History of breast cancer, (d) Obesity, (f) Cosmetic 

implants and (g) Alcohol consumption etc.  

It was reported by Indian Council of Medical Research (ICMR) that every year a 

minimum of one lakh new breast cancer patients are diagnosed in India. For women in U.S.A, 

it was estimated that in the year 2019, a total of 268,600 new cases of breast cancer would be 

diagnosed. These facts are alarming and indicate that breast cancer is prevalent not only in 

India but also globally. It can also be noted that the mortality rate of breast cancer in India is 

1.6-1.7 times higher than that of maternal mortality rate. In the year 2017, India had the highest 

mortality rate for breast cancer globally. Even though high mortality rates have been associated 

with breast cancer, significant improvement in the chances of survival can be witnessed if 

detection is made at an early stage [13, 36, 204, 267].   

1.2. Imaging Modalities for Breast Cancer Screening 

For diagnosing breast diseases, various imaging modalities like mammography, 

ultrasound (US), computed tomography (CT) and magnetic resonance imaging (MRI) etc. have 

popularly been used, however CT and MRI are costly modalities and in case of CT the patients 

are exposed to ionizing radiations therefore, to cater to the need of general population in India, 

mammography and ultrasound are commonly used as screening tools [16, 18, 28, 36, 80, 118, 

204, 271, 272]. Mammography is however not suitable for patients like pregnant women due to 

the use of ionizing radiations and also sometimes false-negatives are obtained with 
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mammography due to the effect of high breast density in younger women. The advantages of 

ultrasound over other modalities are: (a) absence of ionizing radiations, (b) low cost, (c) non-

invasive nature, (d) ease of availability and (e) ability to differentiate between cystic and solid 

tumors.  

1.2.1. Ultrasound imaging 

Owing to its various advantages, over the past decade, ultrasound is considered to be a 

powerful tool used for the diagnosis of breast abnormalities [18, 28, 118, 272]. Ultrasound 

imaging technique utilizes the high frequency sound waves and their echoes for the formation 

of a 2D image that can be used for further analysis. High frequency sound waves (> 20 kHz) 

are transmitted from the ultrasound transducer to the human body using a probe. As these 

sound waves travel in the body, they get reflected back to the probe after they hit some 

boundary between the tissues. The probe relays the collected echoes back to the ultrasound 

machine. The ultrasound machine then computes the distance between the probe and the tissue 

using the return time of each echo and speed of sound. After this, the echo intensities and the 

distances are displayed as a 2D image. The formed image is also referred to as brightness mode 

(B-mode) ultrasound image [172].  

The quality of the ultrasound image depends upon its axial and lateral resolution. The 

axial resolution depends on the wavelength of the ultrasound beam while the lateral resolution 

depends on the width of the ultrasound beam. Thus for a better quality image, the frequency of 

the beam and diameter of the transducer should be kept large. The frequencies to be used 

however depend on the domain of application. Also it should be noted that images having 

higher resolution are produced by ultrasound beams having lower depth of penetration while 

ultrasound beams having higher depth of penetration produce lower resolution images. Thus for 

medical imaging, a tradeoff exists between the image resolution and depth of penetration [172]. 

Despite of the various advantages, the quality of ultrasound images is sometimes affected 

by the presence of speckle noise and low contrast. The speckle noise tends to obscure the 

diagnostically important structures in the image thus resulting in the degradation of spatial 

resolution of the image. Speckle noise is a locally correlated multiplicative noise that arises in 

medical ultrasound images at the time of acquisition. Speckle noise appears as a series of light 

and dark spots on the image, caused by the interference of the back-scattered echoes from 

multiple targets, that are smaller in size as compared to the wavelength of ultrasound beam or 

the targets having different impedances lying very close to each other [172, 187, 197]. 

Mathematically, the speckle noise can be modeled as: 

𝑦 (𝑖, 𝑗) = 𝑥 (𝑖, 𝑗). 𝑛 (𝑖, 𝑗) (1.1) 
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Here, x (i, j) is the noise-free pixel, n (i, j) is the multiplicative noise, y (i, j) is the noisy image 

pixel at the centre of the window, (i, j) represent spatial indices belonging to real numbers. 

Most of the filters are used to remove the additive noise therefore; the speckle noise can be re-

modeled as: 

log൫𝑦 (𝑖, 𝑗)൯ = log൫𝑥 (𝑖, 𝑗)൯ + log (𝑛 (𝑖, 𝑗)) (1.2) 

Due to the presence of speckle noise, the resolution of the ultrasound image is affected 

resulting in difficulty in detection of small lesions thus making the interpretation difficult. 

Moreover, it is also believed that the speckle noise contains some diagnostic information 

therefore, the use of a simple low pass filter to remove high frequency speckle noise may not be 

adequate. So to remove the speckle noise, efficient adaptive filters need to be designed such 

that controlled despeckling is achieved. For the despeckling of ultrasound images many 

attempts have been made by the researchers in the past to efficiently remove speckle from the 

images without the loss of any diagnostic information [19, 70, 172, 187, 197, 202, 214-216, 

255, 299]. 

1.3. Need for CAD System Designs using Ultrasound Images 

With the advent of computer technology, medical image processing techniques and 

artificial intelligence based algorithms, many opportunities have arisen for the research 

community to explore the potential of computer-aided diagnosis (CAD) for classification of 

breast abnormalities using ultrasound images [41, 63, 66, 111, 137, 192, 198, 199, 220, 251, 

257, 319]. This tissue classification refers to the quantitative analysis of underlying imaging 

features of the tissue thus resulting in an accurate distinction between the abnormalities. The 

computerized tissue classification systems provide additional diagnostic information about the 

tissue under study, which may not be captured during the subjective analysis of the images.  

The tissue specific features need to be computed during characterization of medical 

images, e.g. for the analysis of breast abnormalities, both texture and shape of the tumor are 

considered important hence, the CAD systems should be designed based on both texture and 

morphological features exhibited by the tumors [63, 66, 137, 192, 199, 220, 251, 319]. Thus to 

enhance the diagnostic potential of B-mode ultrasound imaging modality for classification of 

soft tissue abnormalities, there is a need to develop efficient CAD systems. 

1.4. Breast Tumors on Ultrasound 

The breast tumors are broadly classified as either benign or malignant. The benign tumors 

are considered to be non-cancerous as these tumor cells do not spread to other parts of the 

body, have a slower growth rate and are more differentiable. The malignant tumors are 
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considered to be cancerous and can also invade other healthy tissues in the body.  A broad 

categorization of breast tumor types is given in Fig. 1.1. 

 

Fig. 1.1 Broad categorization of breast tumor types. 

1.4.1. Benign breast tumors 

The different benign breast tumors as seen on ultrasound have been described here. 

 (a) Cyst- The cysts are firm and round lumps in the breast that are filled with fluid. They have 

a regular shape with distinct edges and are usually found in women between the ages 35 to 50. 

The breast cysts can be simple having thin-walls, regular shape, filled with fluid and are 

anechoic in nature having no solid components. Some cysts contain some debris inside them 

that results in the formation of echoes, while some cysts have an irregular border with thick 

walls and contain some solid components within the fluid which result in the formation of 

echoes [82]. The sample ultrasound images representing different types of cysts are given in 

Fig. 1.2. 

 

Fig. 1.2 Sample ultrasound images representing different types of cysts. 

(b) Lipoma- The lipomas are slow growing solid masses having a well-circumscribed margin 

with fat being the major component. Lipomas commonly occur in women between the ages of 

40 and 60 and are benign in nature [82]. Sample ultrasound image representing a lipoma is 

given in Fig. 1.3. 
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Fig. 1.3 Sample ultrasound image representing a lipoma. 

(c) Fibroadenoma- The fibroadenomas are the most common solid masses having a well-

defined shape. They may vary in size and can shrink or enlarge on their own accordingly these 

are named as small or large fibroadenomas. They are mostly found in women between the ages 

15 to 35. Most of the fibroadenomas are benign in nature [82]. The sample ultrasound images 

representing fibroadenomas are given in Fig. 1.4. 

 

Fig. 1.4 Sample ultrasound images representing different types of fibroadenomas. 

(d)  Intraductal papilloma- The intraductal papillomas are the most common masses that grow 

inside the breast duct and are found in women between the ages 40 to 45. They appear as well-

defined solid nodules within a dilated duct [82]. The sample ultrasound image representing an 

intraductal papilloma is given in Fig. 1.5. 

1.4.2. Malignant breast tumors 

The different malignant breast tumors as seen on ultrasound have been described here. 
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(a) Sarcoma: This type of cancer develops in the non-epithelial tissue like bone cartilage, blood 

vessels, muscles etc. Breast sarcomas start in the connective tissues supporting the ducts and 

lobules of the breast. However, the incidence rates of breast sarcoma are very low [305]. 

 

Fig. 1.5 Sample ultrasound image representing an intraductal papilloma. 

(b) Carcinoma: This type of cancer develops in the epithelial tissue i.e. the cells of the lining of 

the organ or tissue. The carcinoma developed in the breast tissue is called adenocarcinoma. 

Carcinomas have a higher rate of incidence than the sarcomas. (i) Ductal carcinoma- This is the 

initial stage of breast cancer and is developed in the inner linings of milk ducts. It can be of two 

types namely ductal carcinoma in situ (DCIS) and invasive ductal carcinoma (IDC). The DCIS 

is a non-invasive type of cancer. It does not break through the duct walls to metastasize to other 

parts of the body [27]. The IDC can metastasize to other organs and body parts by invading the 

fatty breast tissue [82]. (ii) Invasive lobular cancer (ILC)- This is the 2nd most common form of 

breast cancer found among women. This type of cancer develops inside the lobules that 

produce milk and then metastasizes beyond the lobules to the breast tissue and other body parts. 

[82]. The sample ultrasound images representing different carcinomas are given in Fig. 1.6. 

 

Fig. 1.6 Sample ultrasound images representing different types of carcinomas. 

1.4.3. Textural and morphological characteristics of breast tumors as seen on 
ultrasound 

The breast tumors can be identified on the basis of their (a) textural characteristics like 

echo pattern, posterior acoustic features and presence of microcalcifications, (b) morphological 
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characteristics like shape, margin, boundary. The different sonographic characteristics of breast 

tumors as seen on B-mode ultrasound are described in Fig. 1.7. 

 

Fig. 1.7 Description of sonographic characteristics (texture and morphological) of breast tumors as seen on B-
mode ultrasound. 

(a) Textural characteristics: The echo pattern exhibited by different tumors can be categorized 

to be anechoic (without any internal echoes), isoechoic (same echogenicity as the fat), 

hyperechoic (increased echogenicity relative to the fibro-glandular tissue or fat), hypoechoic 

(low internal echoes relative to the fat), complex pattern (combination of anechoic and 

echogenic components). Mostly, benign tumors exhibit a hyperechoic or isoechoic echo pattern 

whereas a hypoechoic echo pattern is suggestive of malignancy. The presence of calcifications 

in the mass can also affect the texture of the breast tumor. The calcifications are suggestive of 

malignancy if they are smaller than 0.5 mm and are clustered in one area. The posterior 

acoustic features exhibited by the tumors on an ultrasound can either be shadowing, 

enhancement or complex pattern. The tumors exhibiting posterior acoustic shadowing are 

indicative of malignancy [82, 83].  

(b) Morphological characteristics: The shape of the tumor can either be regular or irregular. 

The regular shape (oval/round) is the characteristic of benign tumor while malignant tumors are 

characterized by irregular shape. The margins of the tumors can be circumscribed (i.e. well-

defined or sharp) or non-circumscribed. Non-circumscribed margin can either be indistinct, 
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angular, micro-lobulated or spiculated. The tumors having circumscribed margins are often 

benign while the tumors having non-circumscribed margins are suggestive of malignancy. The 

boundary of the tumor can have an abrupt interface i.e. a clear demarcation exists between the 

tumor and the surrounding tissue or the boundary can appear like an echogenic halo with no 

sharp demarcations between the tumor and surrounding tissue [82, 83].  

The sample ultrasound images indicating the sonographic characteristics exhibited by 

different breast abnormalities are given in Fig. 1.8. 

 

Fig. 1.8 Sample ultrasound images indicating sonographic characteristics exhibited by breast abnormalities. 

1.5. Objectives of the Present Work 

The present research work has been carried out with an aim to enhance the diagnostic 

potential of conventional B-mode ultrasound imaging modality for the diagnosis of breast 
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abnormalities by designing an efficient CAD system using a comprehensive and representative 

image dataset. To achieve this, different research objectives have been framed. A brief 

description of these objectives is given here.  

(a) Collection of breast ultrasound image database: For designing an efficient CAD system, it 

is imperative to train the classifier using representative images from each class. Thus collection 

of comprehensive image database with representative cases from each class and developing an 

understanding of the sonographic characteristics exhibited by different benign and malignant 

breast tumors is taken up as the first objective.  

(b) To evaluate the efficacy of different pre-processing methods for segmentation of breast 

abnormalities: Presence of speckle noise and low contrast in ultrasound image deteriorates its 

quality thus making the visual interpretation difficult for the radiologist. The speckle noise 

sometimes masks the diagnostically important information and the tumor edges, which 

adversely affects the performance of the computer-assisted algorithms. It is desirable to 

carefully remove the speckle noise from the homogeneous areas thereby preserving the 

edge/structure information in the image. Keeping this in view, the second objective has been 

framed with an aim to (i) Evaluate the performance of different despeckle filtering algorithms 

with respect to their edge/structure preservation capability in order to find an optimal despeckle 

filtering algorithm for pre-processing the breast ultrasound images, (ii) Evaluate the 

performance of the best performing despeckle filtering algorithms with respect to segmentation 

of benign and malignant breast tumors. 

(c) To evaluate the performance of different classification techniques for differential diagnosis 

between breast abnormalities: The textural and morphological characteristics exhibited by 

breast tumors are considered clinically significant for classification of breast ultrasound images. 

Therefore, the third objective has been taken up with an aim to evaluate the effect of best 

performing despeckle filtering algorithms on differential diagnosis between breast tumors using 

different machine learning and deep learning classification techniques.  

(d) To design a CAD system using optimal features extracted from ultrasound images: To 

achieve this objective, various texture features based on statistical, signal processing based and 

transform domain based methods and morphological features would be extracted from both 

original and pre-processed images. The performance of these hand-crafted features for 

differential diagnosis between breast tumors would be compared with different deep features 

extracted using different convolutional neural network (CNN) based architectures.  
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1.6. Organization of Report 

The thesis has been organized into nine chapters. A brief description of the contents and 

division of the thesis is given here. 

Chapter-1 Introduction: This chapter lays the foundation as to why “Analysis and 

Classification of Breast Abnormalities Using Ultrasound Images” is considered to be clinically 

significant. The chapter begins with documenting the facts about breast abnormalities, recent 

statistics related to breast cancer among women worldwide, risk factors leading to breast cancer 

development. The chapter further introduces the advantages of the ultrasound imaging modality 

for breast cancer diagnosis in comparison to other imaging modalities, highlights the 

sonographic appearances exhibited by different benign and malignant breast tumors and also 

explains the effect of speckle noise on the quality of breast ultrasound images. The chapter also 

discusses the need of developing CAD systems for classification of breast tumors using 

ultrasound images. This chapter lays a solid foundation about the motivation regarding the 

design of CAD systems for enhancing the diagnostic potential of ultrasound imaging modality 

for differential diagnosis between breast tumors. 

Chapter-2 Literature Review: An exhaustive review of other related studies carried out for 

analysis and classification of breast ultrasound images has been presented under different 

sections i.e., review of (a) despeckle filtering algorithms applied to pre-process the breast 

ultrasound images, (b) segmentation algorithms applied to breast ultrasound images, (c) 

machine learning based techniques applied for classification of breast tumors and (d) deep 

learning based techniques applied for classification of breast tumors. The conclusions drawn 

from the exhaustive literature review of each section have been highlighted and the                                                           

research gaps corresponding to each section have been identified.  

Chapter-3 Effect of despeckle filtering algorithms on breast ultrasound images: This chapter 

gives a detailed description of the experimental workflow followed for pre-processing the 

breast ultrasound images using a total of 42 despeckle filtering algorithms. The chapter 

describes in detail the different filter categories out of which these 42 filters have been selected. 

The chapter then enlists the different parameters used for the implementation of each filter. 

Further the chapter also discusses in detail the objective and subjective assessment criteria used 

for the performance evaluation of despeckle filtering algorithms.  

Chapter-4 Effect of despeckle filtering algorithms on segmentation of breast tumors: This 

chapter describes in detail the experimental workflow followed for evaluating the effect of 

despeckle filtering algorithms on the segmentation of benign and malignant breast tumors. The 
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chapter discusses the objective and subjective assessment used for the performance evaluation 

of the segmentation algorithm.  

Chapter-5 Effect of despeckle filtering algorithms on classification of breast tumors: This 

chapter describes in detail the experimental workflow followed for evaluating the effect of 

despeckle filtering algorithms on the classification of breast tumors. Four different CAD 

systems namely (a) PCA-SVM based CAD system (RFSOO), (b) PCA-SVM based CAD system 

(RFSDD), (c) PCA-SVM based CAD system (RFSOD) and (d) PCA-SVM based CAD system 

(RFSDO) have been designed. The chapter describes the different texture and morphological 

features computed from the original and despeckled images and also describes the architectural 

details of the PCA-SVM based CAD system for classification of breast tumors.  

Chapter-6 LBP based CAD system designs for classification of breast tumors: This chapter 

starts with the experimental workflow followed for design of LBP based CAD systems namely 

(a) LBP based CAD system using ANFC-LH ((OFSLBP)ANFC-LH), (b) LBP based CAD system 

using GA-SVM ((OFSLBP)GA-SVM), (c) LBP based CAD system using PCA-SVM ((OFSLBP)PCA-

SVM), (d) LBP based CAD system using SAE-SM ((OFSLBP)SAE-SM) for classification of breast 

tumors. The chapter describes in detail the LBP based texture feature extraction method along 

with different feature selection and reduction techniques like ANFC-LH, GA-SVM, PCA-SVM 

and SAE-SM. The chapter also gives a comparative analysis of the results obtained for each 

CAD system design in order to decide upon an optimal CAD system for classification of breast 

tumors.  

From the design of CAD systems based on machine learning techniques as described in 

Chapter-5 and Chapter-6, it has been observed that the combined feature set obtained by texture 

features computed from original images and morphological features computed from images 

despeckled by DPAD filter yield optimum results for classification of breast ultrasound images. 

It has been concluded that the tumor mask generated by applying active contour method to 

images despeckled by DPAD filter, retained optimal morphological characteristics therefore for 

further experimentation on CNN based CAD system designs, the dataset of segmented tumor 

images has been generated by superimposing the tumor mask on the original image to retain the 

optimal texture and optimal morphological characteristics.  

Chapter-7 Convolutional neural network based CAD system designs for classification of breast 

tumors: This chapter describes in detail (i) methodology adopted for the generation of dataset 

for CNN based CAD system designs, (ii)  experimental workflow followed for design of five 

CNN based CAD systems, namely (a) CNN based CAD system (DFSGoogLeNet), (b) CNN based 

CAD system (DFSVGG-19), (c) CNN based CAD system (DFSResNet-18), (d) CNN based CAD 
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system (DFSSqueezeNet) and (e) CNN-ANFC-LH based CAD system (ODFSGoogLeNet) has been 

described. The chapter further describes the general introduction to CNNs and the basic 

operations involved in them. Next, the network architectures of the used CNNs have been 

explained. In the end, the chapter gives a comparative analysis of the results obtained after 

exhaustive experimentation to find an optimal CAD system design based on CNNs.  

Chapter-8 Conclusions and Future Scope: This chapter enlists the main conclusions drawn 

from various experiments conducted in the present research work for (a) effect of despeckle 

filtering algorithms on breast ultrasound images, (b) effect of despeckle filtering algorithms on 

segmentation of breast tumors, (c) effect of despeckle filtering algorithms on classification of 

breast tumors, (d) LBP based CAD system designs for classification of breast tumors, (e) 

convolutional neural network based CAD system designs for classification of breast tumors. 

The chapter also presents a comparative analysis of the results of CAD systems designed for 

classification of breast tumors. The chapter also reports the future directions that can be taken 

up for the extension of the work entitled “Analysis and Classification of Breast Abnormalities 

Using Ultrasound Images”. 
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Chapter 2 

Literature Review 

2.1. Introduction 

The anatomy of the human body is effectively mapped by different imaging modalities. 

The medical imaging is widely used for disease diagnosis, treatment and follow-up. In the field 

of healthcare, the effective decisions pertaining to treatment depend on correct diagnosis, which 

is backed-up by efficient diagnostic services. However, the manual analysis of the medical 

scans is a laborious task for the radiologists and is highly susceptible to human errors. To 

reduce the chances of misdiagnosis, recent advances have been made towards computer-

assisted medical diagnosis, wherein the computer-assisted algorithms have been used in routine 

clinical setting for detection and diagnosis of different abnormalities on the basis of the 

information extracted from the medical images [7, 16, 94, 130, 134, 137, 145, 146, 153, 160, 

162]. These algorithms make use of different image processing and artificial intelligence based 

techniques for the characterization of tissue under study and act as a complimentary tool for the 

radiologists to gain confidence in their decision by providing additional diagnostic information 

which cannot be captured during processing of images by human visual system.  

In this chapter a review of the published literature on computer-assisted algorithms for (a) 

Despeckling of breast ultrasound images, (b) Segmentation of breast tumors, (c) Classification 

of breast tumors using machine learning approaches and (d) Classification of breast tumors 

using deep learning approaches have been discussed. 

For carrying out the present literature review, the following protocols have been framed: 

(i) The studies published between the period 1990-2019 have been considered.  

(ii) The studies carried out only on B-mode breast ultrasound images have been considered  

(iii) For classification of breast tumors using machine learning approaches, only those studies 

have been considered that report the use of both texture and morphological features. 

2.2. Review of Literature on Despeckling of Breast Ultrasound Images 

For the controlled despeckling of breast ultrasound images different methods have been 

proposed in the past by researchers [19, 70, 136, 149, 202, 214, 252, 255, 299, 313]. A broad 

categorization of different despeckle filtering algorithms is given in Fig. 2.1.  
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Fig. 2.1 Broad categorization of despeckle filtering algorithms. 

A brief description of the studies carried out for the despeckling of breast ultrasound 

images is given in Table 2.1. 

Table 2.1 A brief description of studies carried out for the despeckling of breast ultrasound images. 

Investigators No. of images No. of filters Category Evaluation 

Yang et al. (2004) [299] -- 03 
Non-linear iterative 

filters and hybrid filters 
Objective 

Bhateja et al. (2014) [19] 04 01 
Local statistics based 

filters  
Objective 

Khusna et al. (2015) [136] -- 04 
Local statistics based 
filters and non-linear 

iterative filters 
Objective 

Singh et al. (2015) [252] 28 23 

Non-linear iterative 
filters, Fourier filters, 

multiscale filters, local 
statistics based filters 

Objective  
& subjective 

Zhang et al. (2016) [313] 400 11 

Local statistics based 
filters, non-linear 

iterative filters, hybrid 
filters, multiscale 

filters, non-local mean 
filters 

Objective  
& subjective 

Lal et al. (2016) [149] -- 01 Hybrid filters Objective 

Nugroho et al. (2016) [202] -- 07 
Local statistics based 
filters and non-linear 

iterative filters 
Objective 

Prabhakar et al. (2016) [214] 110 03 Multiscale filters Objective 

Singh et al. (2016) [255] 37 14 
Non-linear iterative 

filters, Fourier filters, 
multiscale filters 

Objective  
& subjective 

Feng et al. (2016) [70] -- 08 

Multiscale filters, local 
statistics based filters, 

non-linear iterative 
filters, total variation 

filters 

Objective 

Prabhakar et al. (2017) [215] -- 01 Multiscale filters  Objective 
Prabusankarlal et al. (2017) 
[216] 

54 01 Non-local mean filters Objective 

Kriti et al. (2019) [141] 
(Present work) 

100 42 
Local statistics based 
filters, fuzzy filters, 

Objective  
& subjective  
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Fourier filters, 
multiscale filters, non-
linear iterative filters, 
total variation filters, 
non-local mean filters 

and hybrid filters 

From the studies presented in Table 2.1, following points can be observed:  

(i) Very few attempts have been made for the despeckling of breast ultrasound images. It has 

been noted that most of the studies have been carried out to compare the performance of 

various despeckle filtering algorithms for pre-processing the breast ultrasound images [70, 136, 

141, 202, 214, 252, 255, 299, 313] while the other studies have made use of a single despeckle 

filtering algorithm modified for the corresponding problem under study [19, 149, 215, 216]. 

From the table it can also be observed that the performance of a minimum of 03 filters [299, 

214] and a maximum of 42 filters has been compared [141] followed by 23 filters [252]. 

(ii) Most of the studies have used image quality metrics for the evaluation of the quality of 

despeckled images while very few studies have used both objective as well as subjective 

evaluation for assessing the despeckled image quality [140, 252, 255, 313].  

(iii) Most of the studies have carried out the performance analysis of despeckle filtering 

algorithms on very few images (< 50 images) [46, 252, 255].  

(iv) Out of the eight different despeckle filtering algorithm categories at most 05 filter 

categories have been used to select the filters to be used for pre-processing the breast 

ultrasound images while in the study proposed by authors, filters belonging to all 08 categories 

have been used [141]. 

Yang et al. [299] proposed a hybrid filtering technique named median normalized multi-

resolution anisotropic diffusion (MMRAD) and compared its performance with adaptive 

median filter and Gaussian regularized anisotropic diffusion filter on the basis of objective 

analysis carried out by computing universal image quality (UQI) and peak signal-to-noise ratio 

(PSNR). 

Prabhakar et al. [214] used 03 multiscale filters namely curvelet transform, shearlet 

transform and tetrolet transform. The performance has been measured on the basis of signal-to-

noise ratio (SNR) and PSNR. Based on the results obtained on a set of 110 images it has been 

observed that the filter based on tetrolet transform gives the best performance in terms of noise 

suppression. 

Singh et al. [255] compared the performance of 14 despeckle filtering algorithms taken 

from 03 filter categories namely Fourier filters, multiscale filters and non-linear iterative filters. 
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The performance evaluation of these filters has been carried out on the basis of different image 

quality metrics like edge retrieval index (ERI) to quantify the edge-retrieval capabilities 

(objective analysis) as well as subjective analysis by experts. The study has been carried out on 

28 breast ultrasound images and on the basis of objective and subjective evaluation, 02 filters 

namely wavelet filter with 1st level of decomposition, Homomorphic filter with wavelet 

function outperformed other despeckle filtering algorithms. 

In another study, Singh et al. [252] compared the performance of 23 despeckle filtering 

algorithms taken from 04 different filter categories namely local statistics based filters, Fourier 

filters, multiscale filters and non-linear iterative filters. The performance evaluation of these 

filters has been carried out on the basis of different image quality metrics like ERI to quantify 

the edge-retrieval capabilities (objective analysis) as well as subjective analysis by experts. The 

study has been carried out on 28 breast ultrasound images and on the basis of objective and 

subjective evaluation, three filters namely wavelet filter with 1st level of decomposition, 

Homomorphic filter with wavelet function and AD filter (PM2) achieved comparable 

performance.  

Zhang et al. [313] compared the performance of 11 filters taken from 05 categories of 

despeckle filtering algorithms namely local statistics based filters, multiscale filters, non-local 

mean filters, non-linear iterative filters and hybrid filters. The performance has been assessed 

for 400 breast ultrasound images on the basis of objective as well as subjective evaluation. For 

the objective assessment, an image quality metric named natural image quality estimator 

(NIQE) has been used and for the subjective analysis, the grading by 03 experts has been used. 

In the present work, an extensive set of despeckle filtering algorithms has been used 

consisting of 42 despeckle filtering algorithms selected from all the 08 filter categories. The 

study has been carried out on 100 breast ultrasound images and the performance has been 

tested on the basis of both objective and subjective assessment [141].  

2.3. Review of Literature on Segmentation of Breast Tumors  

For the segmentation of breast tumors from ultrasound images many different 

segmentation algorithms have been employed. A broad categorization of the segmentation 

algorithms applied to breast ultrasound images is given in Fig. 2.2. 
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Fig. 2.2 Broad categorization of segmentation techniques. 

 The various studies conducted by researchers in the past can broadly be categorized as 

(a) Studies carried out for the segmentation of breast tumors using original ultrasound images, 

(b) Studies carried out for the segmentation of breast tumors using pre-processed ultrasound 

images. A brief description of the related studies for the segmentation of breast tumors is given 

here. 

2.3.1. Studies carried out for the segmentation of breast tumors using original 
ultrasound images 

A brief description of different studies carried out for the segmentation of breast tumors 

using original ultrasound images is shown in Table 2.2. 

Table 2.2 A brief description of studies carried out for the segmentation of breast tumors using original 
ultrasound images. 

Investigators Images Segmentation Evaluation 
Boukerroui et al. (1998) [26] 30 Clustering based Subjective 
Xiao et al. (2002) [292] -- Graph based Subjective 

Cheng et al. (2005) [47] -- Graph based Subjective 

Liu et al. (2009) [164] 
B: 48 
M: 55 

Deformable parts model Objective 

Xu et al. (2009) [296] -- Clustering based Objective 
Yeh et al. (2009) [304] 10 Hybrid Objective 

Chiang et al. (2010) [50] 16 Hybrid Objective  

Liu et al. (2010) [165] 
B: 33 
M: 46 

Deformable parts model Objective 

Shi et al. (2010) [247] 35 Hybrid Objective 

Takemura et al. (2010) [263] 
C: 50 
F: 50 

Ca: 300 
Hybrid Objective 

Zhang et al. (2010) [318] 90 Classical Objective 

Zhang et al. (2010)[ 315] 347 Graph based Objective 
Jiao et al. (2011) [121] 18 Hybrid Objective 

Jinyao et al. (2011) [123] -- Hybrid Objective 
Othman et al. (2011) [206] 20 Classifier based Objective 
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Pons et al. (2011) [212] 56 Graph based Objective 
Rodrigues et al. (2011) [228] 250 Classical                           -- 
Gao et al. (2012) [77] 20 Deformable parts model Objective 

Gao et al. (2012) [78] 
B: 50 
M: 50 

Graph based Objective 

Hao et al. (2012) [95] 
B: 28 
M: 54 

Hybrid Objective 

Hao et al. (2012) [96] 480 Graph based Objective 

Jiang et al. (2012) [120] 112 Graph based Subjective 

Liu et al. (2012) [170] 
B: 125 
M: 80 

Cell based Objective 

Xian et al. (2012) [289] 
B: 60 
M: 71 

Graph based Objective 

Cai et al. (2013) [33] 
B: 81 
M: 87 

Deformable parts model Objective 

Lin et al. (2013) [163] 
B: 194 
M: 114 

Deformable parts model Objective 

Liu et al. (2013) [171] 861 Deformable parts model Objective 

Pons et al. (2013) [211] 
B: 114 
M: 98 

Graph based Objective & subjective 

Cho et al. (2014) [52] 
B: 300 
M: 181 

Deformable parts model  Objective 

Marcomini et al. (2014) [179] 144 
Deformable parts model  Objective 

Hybrid Objective 

Torbati et al. (2014) [268] 30 Classifier based Objective 

Prabusankarlal et al. (2015) [219] 
B: 90 
M: 60 

Clustering based Objective 

Guo et al. (2016) [91] 
B: 31 
M: 35 

Deformable parts model Objective 

Triyani et al. (2016) [269] -- 
8 methods with and without 
morphological operations 

Objective 

Xi et al. (2016) [287] 
B: 135 
M: 51 

Deformable parts model Objective 

Yap et al. (2016) [303] 120 Deformable parts model Objective 

Kirimasthong et al. (2017) [138] 15 Deformable parts model Objective 
Lestari  et al. (2017) [159] 30 Hybrid Objective 

Hu et al. (2018) [104] 570 Hybrid Objective 

Kumar et al. (2018) [147] -- Deep learning based Objective 

Liu et al. (2018) [169] 
B: 120 
M: 110 

Cell based Objective 

Xian et al. (2018) [291] 562 
Graph based, classifier based, 

based, deformable parts model, 
clustering based 

Objective 

Xie et al. (2018) [295] 2600 Deep learning based Objective 

Yap et al. (2018) [302] 469 Deep learning based Objective 
Yu et al. (2018) [308] 187 Deformable parts model Objective 

Chiao et al. (2019) [51] 307 Deep learning based Objective 
Huang et al. (2019) [109] 2238 Hybrid Objective 

Kriti et al. (2019) [141] (Present 100 Chan and Vese active contour Objective & subjective 
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work) model 
Xing et al. (2019) [296] 670 Deep learning based Objective 
Zhuang et al. (2019) [324] 1062 Deep learning based Objective 

Note: B: Benign. M: Malignant, C: Cyst, F: Fibroadenoma, Ca: Carcinoma. 

From Table 2.2, it has been observed that many studies have been carried out for the 

segmentation of breast tumors using original ultrasound images by applying different 

segmentation algorithms ranging from classical, graph-based, deformable parts model based, 

learning based to hybrid methods.  From the studies presented in Table 2.2, following points 

can be observed: 

(i) Most of the methods developed in the past have successfully been applied for the 

segmentation of original breast ultrasound images ranging from clustering, deformable parts 

based, classifier based, graph based [26, 47, 123, 141, 228, 292, 296, 315] to new concepts of 

cellular automata [169], deep learning [51, 147, 295, 296, 302, 324] with some hybrid methods 

that utilize two or more conventional methods for segmentation purposes [50, 95, 104, 109, 

121, 123, 159, 179, 247, 263, 304].  

(ii) For the assessment of segmentation performance, most of the studies have used objective 

evaluation by computing different area and boundary based metrics like Jaccard index, dice 

coefficient, Hausdroff distance etc. while very few studies have evaluated the segmentation 

performance on the basis of both objective and subjective evaluation [211]. 

(iii) For the evaluation of the segmentation performance it has been observed that almost all the 

studies have represented the results for the whole dataset while very few studies have 

represented the results individually for the benign and malignant tumors [91, 287]. 

(iv) Few studies have been carried out using deep learning architectures for the segmentation of 

breast tumors [51, 147, 295, 296, 302, 324] like variants of fully convolutional networks 

(FCNs), variants of region based CNNs (R-CNN), generative adversarial networks (GAN), 

UNet etc. It can also be noted that in two of the studies, active contour models have been used 

as a post-processing step for refining the tumor contours obtained after the application of deep 

networks [104, 109].  

Cai et al. [33] in their study proposed a phase based active contour (PBAC) model to 

extract the tumor boundaries from images that are blurry and are marred by low contrast and 

speckle noise. The study has been carried out on both synthetic and real-time breast ultrasound 

images for performance comparison on the basis of Jaccard index (JI).  

Liu et al. [171] proposed a robust region-based active contour model with point 

classification in order to segment high-variant breast tumors. The study has been carried out on 
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a large dataset of 4306 breast ultrasound images and the segmentation performance has been 

evaluated using JI.  

Cho et al. [52] used a region-based active contour model with adaptive parameter 

estimation in order to segment 481 breast tumors. For the estimation of parameters, different 

algorithms namely support vector regressor, multivariate linear regression and expectation-

maximization have been used. The performance of the segmentation algorithm has been 

compared on the basis of average JI value.  

Marcomini et al. [179] analysed the application of morphological operators as pre-

processing step for the segmentation of breast tumors using active contour model. The 

performance has been tested on 144 images using different quantitative measures.   

The study by Pons et al. [211] reported the use of Markov random field-maxim a 

posteriori (MRF-MAP) based segmentation algorithm for segmenting a total of 212 breast 

ultrasound images. The performance of segmentation algorithm has been evaluated on the basis 

of objective as well as subjective assessment.  

Guo et al. [91] reported the use of level set method applied to 66 breast ultrasound images 

for the segmentation of breast tumors based on the neutrosophic score of the image. The 

performance of the segmentation algorithm has been evaluated objectively on the basis of 

different metrics like percentage area overlap, Hausdorff distance and average distance. The 

study also reported the results of the segmentation individually for both benign and malignant 

cases. 

Xi et al. [288] proposed a segmentation method based on prior knowledge and level set 

method to segment 186 breast ultrasound images. In this approach a learning model has been 

designed to learn prior knowledge useful for classifying the abnormal tumor regions in the 

image and then level set method has been employed to segment the classified abnormal 

regions. The performance of the segmentation algorithm has been tested objectively on the 

basis of JI individually for the malignant and benign tumors.  

Xian et al. [292] compared the performance of five segmentation approaches belonging to 

04 different categories of segmentation i.e. graph based, classifier based, cell based and 

deformable parts model based on the basis of objective evaluation. The study has been carried 

out on 562 breast ultrasound images  

Hu et al. [104] tested the performance of a dilated fully convolutional neural network 

combined with PBAC model for the segmentation of 570 breast ultrasound images. The active 

contour model has been used as a post-processing step for refining the tumor contours. The 
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segmentation performance has been measured on the basis of objective assessment by using 

different metrics like dice coefficient and Hausdorff distance.  

The study proposed by Yap et al. [302] has been carried out on 469 breast ultrasound 

images to test the performance of different variants of FCN for breast tumor segmentation and 

the performance has been measured objectively on the basis of dice coefficient individually for 

benign and malignant tumors. 

Xing et al. [296] reported the use of a variant of GAN called semi-pixel-wise cycle 

generative adversarial network (SPCGAN) for the segmentation of breast tumors using 670 

images and the performance of the segmentation algorithm has been measured objectively. 

Zhuang et al. [324] proposed a novel method of breast ultrasound image segmentation 

called residual-dilated-attention-gate-UNet (RDAU-NET) by modifying the U-Net architecture. 

The model has been tested on a total of 1602 images collected from three different sources and 

the segmentation performance has been measured objectively. 

2.3.2. Studies carried out for the segmentation of breast tumors using pre-processed 
ultrasound images 

A brief description of the studies carried out for the segmentation of breast tumors using 

pre-processed ultrasound images is shown in Table 2.3.  

Table 2.3 A brief description of studies carried out for the segmentation of breast tumors using pre-processed 
ultrasound images. 

Investigators Images Pre-processing  Segmentation  Evaluation  

Horsch et al. (2001) [101] 
CC: 124 
B: 182 
M: 94 

Median filter Thresholding  Objective 

Drukker et al. (2002) [64] 
CC: 229 
B: 334 
M: 194 

Median filter Hybrid Objective 

Madabhushi et al. (2002) 
[176] 

48 
2nd order 

Butterworth 
filter → HE 

Hybrid Subjective 

Madabhushi et al. (2003) 
[177] 

42 
2nd order 

Butterworth 
filter → HE 

Hybrid Objective 

Huang et al. (2004) [110] 
B: 21 
M: 39 

Wiener filter Hybrid Objective 

Huang et al. (2005) [112] 20 
Non-linear 

medium filter 
Hybrid Objective 

Jung et al. (2005) [129] 
B: 50 
M: 50 

Median filter + 
Thresholding 

Morphology 
based 

                        -- 

Liu et al. (2005) [168] 
B: 25 
M: 15 

AD → Unsharp 
masking 

Hybrid Objective 

Shen et al. (2006) [244] 45 
Butterworth 

filter → fuzzy 
logic based 

Hybrid Subjective 
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enhancement 

Flores et al. (2007) [73] 32 AD 
Deformable parts 

model 
Subjective 

Huang et al. (2007) [114] 
B: 84 
M: 34 

MCDE filtering 
Deformable parts 

model 
Objective 

Yap et al. (2007) [300] 360 

HE → hybrid 
filtering → 
multifractal 

analysis 

Hybrid Subjective 

Shan et al. (2008) [239] 105 SRAD Classical  Objective 

Shan et al. (2008) [238] -- SRAD Classical Objective 

Cui et al. (2009) [59] 250 Gaussian filter 
Deformable parts 

model 
Objective 

Gomez et al. (2009) [86] 36 
Morphological 

filtering 
Classical Objective 

Gomez et al. (2010) [85] 50 CLAHE → AD Classical  Objective 

Gomez et al. (2010) [84] 50 CLAHE→AD 
Deformable parts 

model  
Objective 

Gomez et al. (2010) [87] 50 CLAHE→AD Classical Objective 

Jumaat et al. (2010) [127] 

80 
(phantom) 

Median filter → 
Histogram 
stretching 

Deformable parts 
model  

Objective 
50 (real-

time) 

Jumaat et al. (2010) [126] 45 
Median filter → 

Histogram 
stretching 

Deformable parts 
model  

Objective 

Lee et al. (2010) [157] 20 NCD filter Graph based  Subjective 

Massich et al. (2010) [183] 25 Median filter GCS Objective 

Abdelrahman et al. (2011) [1] 30 

HE → 1st order 
local statistics 
based filter → 
median filter 

Hybrid Objective 

Bochhi et al. (2011) [25] 60 
Filter based on 

cellular 
automata 

Cell based Objective 

Chucherd et al. (2011) [54] -- SPPA 
Deformable parts 

model  
Objective 

Chucherd et al. (2011) [55] -- PPA + MRA 
Deformable parts 

model  
Objective 

Jumaat et al. (2011) [128] 50 
Median filter → 

histogram 
stretching 

Deformable parts 
model  

Objective. 

Lee et al. (2011) [156] 60 Median filter Hybrid Objective 

Yu et al. (2011) [306] 
B: 539 
M: 317 

RDCA → 
Morphological 
operations → 
Gaussian LPF  

Classical Subjective 

Su et al. (2011) [259] 132 SRAD Graph based Objective 

Zhang et al. (2011) [316] -- 
Mean filter → 

Fuzzy 
Classical Subjective 
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enhancement  
Zhang et al. (2011) [317] -- Mean filter Classical Subjective 

Daoud et al. (2012) [61] 10 

Decompression 
+ SNR 

parametric 
image 

computation 

Deformable parts 
model  

Objective 

Huang et al. (2012) [108] 20 NAD Graph based Objective 

Jia-Wei et al. (2012) [122] 510 

Homogeneity 
histogram → 
directional 

average filter 

Clustering based Objective 

Marcomini et al. (2012) [181] 50 

Wiener filter → 
image 

equalization → 
median filter 

Classifier based Objective 

Shan et al. (2012) [241] 120 SRAD Classical Objective 
Shan et al. (2012) [240] 122 SRAD Clustering based Objective 

Karimi et al. (2013) [132] 147 
Fuzzy-

compounding 
Classical Objective 

Marcomini et al. (2013) [182] 

80 
(phantom) 

Wiener filter → 
equalization → 
median filter 

Classical, 
learning based, 

Deformable parts 
model 

Objective 
50 (real-

time) 

Rodtook et al. (2013) [231] 48 
Local statistics 

based filter 
Deformable parts 

model  
Objective 

Huang et al. (2014) [106] 
B: 10 
M: 10 

Bilateral 
filtering 

Graph based Objective 

Moraru et al. (2014) [195] 30 
Wiener filter → 

contrast 
enhancement 

Deformable parts 
model  

Objective 

Prabhakar et al. (2014) [213] 
B: 2 
M: 4 

Wavelet based 
soft 

thresholding 

Deformable parts 
model  

Objective 

Prabusankarlal et al. (2014) 
[217] 

B: 18 
M: 14 

Median filter → 
stick method 

Hybrid Objective & subjective 

Wang et al. (2014) [280] 4 SRAD 
Deformable parts 

model 
Objective 

Xian et al. (2014) [289] 131 Gaussian filter Graph based Objective 

Zhou et al. (2014) [323] 
B: 38 
M: 31 

Gaussian filter 
→ HE → 

pyramid mean 
shift filter 

Graph based Objective 

Huang et al. (2015) [107] 46 TV Hybrid Objective 
Liu et al. (2015) [167] -- SRAD Hybrid Subjective 

Nugroho et al. (2015) [200] -- Bilateral filter 
Deformable parts 

model  
Objective 

Rodrigues et al. (2015) [229] 44 
AD + bandpass 

filter 
Deformable parts 

model 
Objective 

Shao et al. (2015) [242] 450 
Gaussian filter 

+ normalization  
Graph based Objective 

Xian et al. (2015) [291] 184 Gaussian filter Hybrid Objective 
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Elawady et al. (2016) [69] 20 
Frost, DPAD, 

PPB 
Graph based, 
Quick shift 

Objective 

Gomez et al. (2016) [89] 100 
AD + log Gabor 

filter 
Classifier based Objective 

Marcomini et al. (2016) [180] 

DB1: 144 Wiener filter → 
contrast 

enhancement → 
median filter 

Classical, 
learning based, 

Deformable parts 
model  

Objective 
DB2: 123 

Prabhakar et al. (2016) [214] 110 Tetrolet 
Deformable parts 

model  
Objective 

Samundeeswari et al. (2016) 
[235] 

4 Spatial filter Hybrid Objective 

Cristerna et al. (2017) [58] 1021 

5 contrast 
enhancement → 

4 despeckling 
algorithms 

Classical Objective 

Feng et al. (2017) [70] 40 
8 despeckling 

algorithms 
Clustering based Objective 

Feng et al. (2017) [71] 30 HE Hybrid Objective 

Nugroho et al. (2017) [201] 102 SRAD Hybrid Subjective 

Prabhakar et al. (2017) [215] -- 
Wavelet soft 
thresholding 

Deformable parts 
model 

Objective 

Shiji et al. (2017) [249] 97 
Shearlet 

transform based 
filtering → HE 

Classical Objective 

Almajalid et al. (2018) [8] 221 SRAD → HE 
Deep learning 

based 
Objective 

Huang et al. (2018) [105] 325 
Histogram 

normalization 
Deep learning 

based 
Objective 

Lal et al. (2018) [150] 45 SRAD Clustering based Objective 

Lal et al. (2018) [151] 
DB1: 40 

SRAD Clustering based Objective 
DB2: 20 

Liu et al. (2018) [166] 61 NLLR 
Deformable parts 

model  
Objective 

Lotfollahi et al. (2018) [174] 36 
Blockwise non-

local means 
filter 

Deformable parts 
model  

Objective 

Osman et al. (2018) [205] 306 

Altered Phase 
Preserving 

Dynamic Range 
Compression  

Classical Objective 

Rodtook et al. (2018) [230] 180 Gaussian filter Hybrid Objective 

Panigrahi et al. (2019) [208] 127 SRAD Hybrid Objective 

Kriti et al. (2019) [141] 
(Present work) 

100 DPAD 
Deformable parts 

model 
Objective & subjective 

Note: CC: Complex cyst, B: Benign, M: Malignant, HE: Histogram equalization, AD: Anisotropic diffusion, 
MCDE: Modified curvature diffusion equation, SRAD: Speckle reducing anisotropic diffusion, CLAHE: 
Contrast limited adaptive histogram equalization, NCD: Non-linear coherent diffusion, GCS: Gaussian 
constraining segmentation, SPPA: Sparse phase portrait analysis, PPA: Phase portrait analysis, MRA: Multi-
resolution analysis, RDCA: Radius dependent contrast adjustment, LPF: Low pass filter, SNR: Signal to noise 
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ratio, NAD: Nonlinear anisotropic diffusion, TV: Total variation, DPAD: Detail preserving anisotropic 
diffusion, PPB: Probabilistic patch based, DB: Database, NLLR: Non-local low rank. 

From Table 2.3, it can be seen that many studies have been carried out for segmentation 

of breast tumors using pre-processed images. It can be noted that the pre-processing has been 

carried out either by employing despeckle filtering algorithms, contrast enhancement methods 

or a combination of the two.  It can also be noted from the table that many studies have been 

carried out on very less number of images (< 50) for the segmentation of breast tumors [1, 61, 

69-71, 86, 112, 126, 150, 151, 157, 168, 174, 176, 177, 183, 195, 217, 229, 235, 280, 323]. 

From the studies presented in Table 2.3, following points can be observed: 

(i) For the pre-processing of breast ultrasound images prior to segmentation, it has been 

observed that filtering methods are a popular choice median, SRAD, AD, Wiener and 

Butterworth filters being used most widely [73, 85, 101, 110, 150, 151, 156, 167, 183, 201, 

208, 238-241, 259, 280]. Very few studies have been carried out that use enhancement methods 

only for the pre-processing of breast ultrasound images [71, 105, 135].  

(ii) From the studies that have utilized both filtering and enhancement of methods to pre-

process breast ultrasound images, it has been observed that Histogram equalization (HE) and 

contrast enhancement and stick methods are most widely used to improve the image contrast 

[1, 8, 58, 84, 87, 176, 177, 180, 249, 323].  

(iii) In most of the studies, variants of deformable parts model based methods of segmentation 

have been used either as standalone technique [54, 55, 59, 61, 73, 84, 114, 126, 128, 141, 174, 

180, 182, 195, 213-215, 280] or as hybrid methods [107, 112, 156, 168, 244, 300].  

(iv) For the assessment of segmentation performance, most of the studies have utilized 

objective evaluation i.e. different metrics like Jaccard index, dice coefficient etc. while very 

few studies have been carried out that assess the performance of segmentation on the basis of 

subjective evaluation i.e. visual comparison between the tumor contour obtained as a result of 

segmentation and the ground truth [73, 157, 167, 176, 301, 306].  

(v) Very few studies have been carried out by using deep learning architectures to segment the 

breast ultrasounds images [8, 105]. 

(vi) In most of the studies the performance of the segmentation algorithm has been presented 

for the whole dataset while very few studies have represented the segmentation results 

individually for both benign and malignant tumors individually [71, 168].  

(vii) It is also worth noting that very few studies have been carried out that analyse the effect of 

different pre-processing techniques for the performance evaluation of segmentation of breast 

tumors in order to find an optimal pre-processing technique for segmentation [58, 69, 70].   
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Huang et al. [112] used a two-stage segmentation process by applying watershed 

transform and active contour method (ACM) for segmenting the breast tumors from 20 

ultrasound images pre-processed by a non-linear medium filter. The watershed transform has 

been used to find the initial contour in the tumor images while ACM has been used to refine the 

obtained initial contour. The segmentation performance has been tested objectively by using 

the similarity index.  

Liu et al. [168] used a hybrid segmentation method employing graph based technique 

with classical region merging method of segmentation. The study has been carried out on 40 

breast ultrasound images pre-processed using AD filter followed by unsharp masking. The 

segmentation performance has been evaluated objectively for benign and malignant tumors 

individually. 

Shen et al. [244] utilized a 2-stage segmentation procedure by using wavelet transform 

and ACM. The wavelet transform has been employed to detect the initial boundary of the 

tumors and then ACM has been used to adjust this initial boundary and obtain an optimal 

contour. The performance of segmentation algorithm has been evaluated subjectively.  

Flores et al. [73] proposed an approach to segment breast tumors pre-processed by 

anisotropic texture-guided diffusion. The pre-processed images have then been subjected to a 

front propagation algorithm for obtaining the initial contour of the tumor. To refine the initial 

contour an adaption of the geodesic ACM has been used. The performance of the segmentation 

algorithm has been tested objectively on the basis of area and boundary metrics.  

Cui et al. [59] utilized a 2-stage ACM for the segmentation of breast tumors using 250 

images pre-processed by the Gaussian filter. The preliminary tumor region has been separated 

using the k-means clustering and then been used as the initial contour for the ACM algorithm. 

The performance of the segmentation algorithm has been tested objectively on the basis of area 

metrics.  

Gomez et al. [84] evaluated the performance of Chan and Vese ACM for the 

segmentation of 50 breast ultrasound images pre-processed by CLAHE and AD filter. The 

performance of the segmentation algorithm has been tested objectively on the basis of area and 

boundary metrics.  

Elawady et al. [69] compared the performance of 03 despeckle filtering algorithms and 02 

segmentation algorithms for efficient breast tumor segmentation. The authors reported the use 

of 20 breast ultrasound images pre-processed by frost filter, probabilistic patch based filter 

(PPB) and detail preserving anisotropic diffusion filter (DPAD). The pre-processed images 

have been subjected to two segmentation algorithms namely normalized cut and quick shift. 
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Then performance of the segmentation algorithms has been tested objectively on the dice 

coefficient, JI and sensitivity. Based on the results it has been concluded by the authors that 

images despeckled by frost filter and segmented by quick shift method produce optimal 

segmented tumor images. 

Daoud et al. [61] segmented 10 breast ultrasound images by using semi-automated ACM. 

Prior to segmentation the images have been decompressed and pre-processed to form SNR 

parametric images. The performance of the segmentation algorithm has been tested objectively 

on the basis of area metrics.  

Cristerna et al. [58] tested the effect of the application of different pre-processing 

methods on the segmentation performance. A total of 20 pre-processing algorithms have been 

experimented and formed by the combination of 05 contrast enhancement methods and 04 

speckle removing filters. These algorithms have been applied to a total of 1021 breast 

ultrasound images and the resultant pre-processed images have been subjected to segmentation 

using watershed transform. The performance of segmentation has been tested objectively on the 

basis of JI and it has been observed that a combination of fuzzy enhancement followed by 

interference based speckle filtering, resulted in optimal performance.  

Feng et al. [71] used histogram equalization to enhance the breast ultrasound images 

followed by fuzzy-c means clustering for the segmentation task. The study compared the 

segmented contour to the contour marked by three expert radiologists. It has been observed that 

for the benign images, the inter-observer variability values were lower while for malignant 

images a large inter-observer variation was observed, accounting for the morphological 

difference between the benign and malignant tumor shapes.  

Marcomini et al. [180] compared the performance of different segmentation algorithms 

namely ACM, fuzzy c-means clustering, k-means clustering, region growing and self-

organizing map (SOM) for the segmentation of 80 phantom and 50 real time breast ultrasound 

images pre-processed by using wiener filter, equalization and median filter. The segmentation 

performance has been evaluated objectively on the basis of different quantitative measures and 

SOM technique has been proposed to give the best segmentation results.  

Huang et al. [107] segmented a total of 46 breast ultrasound images pre-processed by a 

total variation filter. A robust graph based method has been used to partition the images into 

sub-regions. This divided image has been fed to an object detection algorithm to automatically 

detect the tumor regions and lastly ACM has been utilized to refine the initial tumor contour. 

The performance of this algorithm has been tested objectively on the basis of area metrics. 
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Wang et al. [280] assessed the segmentation performance of multiscale geodesic ACM for 

segmenting the breast ultrasound images pre-processed using SRAD filter. The study has been 

tested on a set of four breast ultrasound images and the performance has been assessed on the 

basis of JI.  

Almajalid et al. [8] used U-Net architecture for the segmentation of 221 breast ultrasound 

images that have been pre-processed by using SRAD filter and HE. The performance of the 

segmentation algorithm has been tested objectively by using the dice coefficient and similarity 

index.  

Huang et al. [105] tested the performance of variants of FCN architecture for the 

segmentation of 325 breast ultrasound images pre-processed using histogram normalization. 

The segmentation performance has been tested objectively on the basis of intersection over 

union (IoU). 

On the basis of the studies presented in Tables 2.2 and 2.3, it can be observed that for 

segmentation of breast tumors, either original images have been used or pre-processed images 

have been used and very few studies have tried to evaluate the effect of pre-processing on the 

segmentation performance. Therefore, in the present work both original images and images 

despeckled by different despeckle filtering algorithms have been segmented to analyse the 

effect of pre-processing on segmentation of breast tumors and hence find an optimal filter that 

results in efficient segmentation performance.  

2.4. Review of Literature on Classification of Breast Tumors using 
Machine Learning Approaches  

The studies conducted for classification of breast tumors using machine learning 

approaches can use either original images or pre-processed images. It can also be noted that the 

studies carried out for classification of breast tumors are either based on the computation of 

texture features only [15, 22, 32, 39, 41, 44-46, 88, 111, 115, 140, 162, 185, 198, 248, 276, 

299, 321], morphological features only [10, 11, 17, 40, 113, 124, 125, 179, 257] or both texture 

and morphological features [12, 21, 43, 62, 90, 158, 192, 194, 209, 233, 264, 301, 310]. For the 

computation of features the type of regions of interest (ROI) to be used are given in Fig. 2.3.   

However, it is worth mentioning that for classification of breast tumors both textural and 

morphological information exhibited by the breast tumors is considered significant. Therefore, 

the present review has been conducted on the studies that compute both texture and 

morphological features from the B-mode breast ultrasound images. The various studies 

conducted by researchers in the past can broadly be categorized as (a) Studies carried out for 
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classification of breast tumors using original ultrasound images, (b) Studies carried out for 

classification of breast tumors using pre-processed ultrasound images. 

 

Fig. 2.3 Types of ROIs to be used for breast tumor classification. 

A brief summary of the related studies for classification of breast tumors using machine 

learning approaches is give here. 

2.4.1. Machine learning based studies carried out for classification of breast tumors 
using original ultrasound images 

A brief description of various machine learning based CAD systems designed for 

classification of breast tumors using original ultrasound images is given in Table 2.4. 

Table 2.4 A brief description of various machine learning based CAD systems designed for classification of 
breast tumors using original ultrasound images. 

Investigator Images ROI extraction Feature extraction 
Feature 
selection 

Classifier  

     (Acc.) 

Ruggiero et al. (1998) 
[233] 

C: 41 
F: 41 

Ca: 41 

Multiple 
manually 

extracted ROI 

GLCM, GLRLM 
texture + 

morphological features 
-- 

NN 
               (--) 

Lefebvre et al. (2000) 
[158] 

B: 56 
M: 19 

Lesion contour 
marked by 
radiologist 

FOS, GLCM, GLRLM 
+ morphological 

features 
-- 

LDA 
              (--) 

 

Drukker et al. (2004) 
[63] 

CC: 1007 
SBL: 544 
M: 281 

Classical 
Autocorrelation texture 

+ morphological 
features 

-- 
BNN 

               (--) 

Piliouras et al. (2004) 
[209] 

154 
Lesion contour 

marked by 
radiologist 

FOS, GLCM, GLRLM 
+ morphological 

features 

Wrapper 
method 

         SVM 

(98.7%) 

Shen et al. (2007) 
[246] 

B: 180 
M:  85 

Lesion contour 
marked by 
radiologist 

Echo pattern, posterior 
acoustic features + 
shape and margin 

features 

Filter 
method 

       LR 
(91.7%) 

Shen et al. (2007) 
[245] 

B: 407 
M:  219 

Lesion contour 
marked by 
radiologist 

Echo pattern, posterior 
acoustic features + 
shape and margin 

features 

-- 
        LR 

(73.0%) 

Gruszauskas et al. B: 219 Manually Autocorrelation + --     Ensemble 
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(2008) [90] M: 125 extracted ROI morphological features  BNN 
(AUC: 0.87) 

Chen et al. (2009) 
[43] 

B: 73 
M: 41 

Lesion contour 
marked by 
radiologist 

GLCM + 
morphological features 

Wrapper 
method 

        LDA  
(89.5%) 

        MLP  
(88.6%) 

Yap et al. (2009) 
[301] 

40 
Manually 

extracted ROI 
FOS + morphological 

features 
-- 

        SVM 
(93.0%) 

Takemura et al. 
(2010) [264] 

C: 50 
F: 50 

Ca: 200 

Lesion contour 
marked by 
radiologist 

FOS, GLCM + 
morphological and 

margin features 

Wrapper 
method 

AdaBoost 
     (100%) 

Liao et al. (2011) 
[161] 

B: 113 
M: 208 

Lesion contour 
marked by 
radiologist 

GLCM + 
morphological features 

-- 

        SVM 
(86.9%) 

        kNN  
(83.8%) 

         NN 
(86.6%) 

Alvarenga et al. 
(2012) [9] 

B: 69 
M: 177 

Morphology 
based 

GLCM and complexity 
curve texture + 

morphological features 

Wrapper 
method 

        FLDA 
(85.3%) 

Zakeri et al. (2012) 
[310] 

B:47 
M: 33 

Deformable 
parts model 

Cross correlation + 
morphological features  

-- 
         SVM  

(95.0%) 

Moon et al. (2012) 
[194] 

B: 95 
M: 42 

Deformable 
parts model 

FOS and GLCM + 
morphological features 

Wrapper 
method 

         LR 
(84.7%) 

Moon et al. (2013) 
[192] 

B: 48 
M: 21 

Deformable 
parts model 

GLCM texture + 
morphological features 

Wrapper 
method 

        LR 
(88.0%) 

Lee et al. (2013) 
[154] 

B: 1599 
M: 2508 

Lesion contour 
marked by 
radiologist 

GLCM  + 
morphological features 

based on border 
irregularity 

-- 
         SVM 

(94.9%) 

Zhang et al. (2014) 
[319] 

B: 22 
M: 29 

-- 
Echo pattern, Posterior 

acoustic features + 
morphological features 

Biclustering 
learning 

         kNN 
(94.1%) 

Shan et al. (2015) 
[237] 

B: 133 
M: 150 

-- 
Echo pattern, Posterior 

acoustic features + 
morphological features  

Wrapper 
method 

        DT 
(77.7%) 

        NN 
(78.1%) 

        RF 
(78.5%) 

        SVM  
(77.7%) 

Verma et al. (2015) 
[273] 

188 
Manually 

extracted ROI 

Statistical, Laws’ 
fractal + morphological 

features 

Hybrid 
method 

        SVM 
(86.2%) 

Amin et al. (2016) 
[12] 

B: 54 
M: 58 

Manually 
extracted ROI 

Statistical texture + 
morphological features 

in NSS domain 

Filter 
method 

        SVM 
(99.1%) 

Bhusri et al. (2016) 
[21] 

B: 51 
M: 121 

Lesion contour 
marked by 
radiologist 

FOS + morphological 
features 

-- 
        SVM 

(89.6%) 

Daoud et al. (2016) 
[62] 

B: 64 
M: 46 

Multiple non-
overlapping 

GLCM + 
morphological features 

Wrapper 
method  

         SVM 
(98.2%) 



31 
 

ROIs inside 
lesion 

Kim et al. (2017) 
[137] 

B: 120 
M: 72 

Boundary 
generated by S-

detect 

GLCM, histogram 
changes based texture 

+ morphological 
features 

-- 
        SVM 

(70.8%) 

Kriti et al. (2019) 
[142] (Present work) 

B: 40 
M: 60 

ACM 
FOS, GLCM, GLRLM, 

Laws’, FPS, Gabor + 
morphological features  

PCA 
        SVM 

(94.1%) 

Note: ROI: Region of interest, Acc.: Accuracy, C: Cyst, F: Fibroadenoma, Ca: Carcinoma, GLCM: Gray level 
co-occurrence matrix, GLRLM: Gray level run length matrix, NN: Neural network, B: Benign, M: Malignant, 
FOS: First order statistics, LDA: Linear discriminant analysis, CC: Complex cyst, SBL: Solid benign lesion, 
SVM: Support vector machine,  BNN: Bayesian neural net, LR: Logistic regression, AUC: Area under the 
curve, MLP: Multilayer perceptron, kNN: k-nearest neighbour, FLDA: Fischer linear discriminant analysis, DT: 
Decision tree, RF: Random forest, ACM: Active contour model, FPS: Fourier power spectrum, PCA: Principal 
component analysis. 

From the studies presented in Table 2.4, it can be noted that the studies have been carried 

out either on ROIs segmented using computer-assisted methods [9, 63, 194, 192, 310] or the 

ROIs have been extracted manually [12, 21, 43, 62, 90, 137, 154, 158, 161, 209, 233, 245, 246, 

264, 273, 301]. It can also be noted that studies carried out in [9, 21, 43, 62, 137, 158, 161, 192, 

194, 209, 233, 264, 301] have used statistical methods of texture feature extraction like first 

order statistics (FOS), gray level co-occurrence matrix (GLCM) and gray level run length 

matrix (GLRLM) while other studies have been carried out using correlation or covariance 

based features [63, 90, 310] and BIRADS features [154, 245, 246]. It can also be noted that 

studies in [158, 301, 310, 319] have been carried out on very few images (< 100). From the 

studies presented in Table 2.4, following points can be noted: 

(i) Most of the studies have reported the classification of breast tumors into two classes namely 

benign and malignant, while the study in [63] has reported the three-class classification of 

breast tumors into cysts, solid benign lesions and malignant lesions and studies in [233, 264] 

reported the three-class classification of breast tumors into cysts, fibroadenomas and 

carcinomas.  

(ii) For the extraction of texture features from the extracted ROIs, it can be noted that all the 

studies have made use of statistical methods of feature extraction like FOS, GLCM, correlation, 

covariance etc. while the study by Verma et al. [273] has reported the use of signal processing 

based Laws’ mask analysis for classification of breast tumors.  

(iii) Most of the studies have employed feature selection methods in order to find an optimal 

feature set for classification of breast tumors. It can be noted that wrapper based methods of 

feature selection have been widely used while very few studies used filter based methods [23, 

246].  
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(iv) It can also be noted that support vector machine (SVM) has been used most popularly for 

classification of breast tumors [12, 21, 62, 137, 142, 161, 209, 237, 273, 301, 310]. 

 For the studies carried out on ROIs extracted by using computer-assisted methods, Zakeri 

et al. [310] reported the highest classification accuracy of 95.0 % on a set of 80 images using 

SVM classifier and correlation based texture features combined with morphological features 

computed from ROI images obtained by using deformable parts model based method of 

segmentation.  

For the studies carried out on manually extracted ROIs (i.e. bounding boxes), two studies 

have reported comparable accuracies. Amin et al. [12] reported an accuracy of 99.1 % using 

SVM classifier and a feature set computed from 112 images. The feature set contains pooled 

statistical texture features and morphological features. The texture features have been computed 

by transforming the images into the neutrosophic domain. The computed texture features are 

intensity based and GLCM based, while morphological features like diameter, perimeter, area, 

eccentricity, etc. have been computed. From the computed feature set, optimal features have 

been selected on the basis of Chi-square-test.  

Daoud et al. [62] implemented a decision fusion based approach for classification of 

breast tumors using SVM classifier reporting an accuracy of 98.2 %. The study has been 

carried out on 110 images. For the computation of texture features multiple non-overlapping 

ROIs have been taken from inside the tumors. The GLCM based texture features have been 

computed from each ROI while the morphological features have been computed using the 

whole tumor. Each computed feature set has been subjected to a 2-stage feature selection 

method employing minimal-redundancy-maximal relevance (mRMR) and backward selection. 

Based on texture features, the class membership of each ROI has been determined and majority 

voting has been used to obtain the final tumor class. The study also determined the tumor class 

based on the computed morphological features and the final tumor class has been obtained by 

the decision fusion. The study has also experimented the conventional method of combining the 

computed texture and morphological sets and reported an accuracy of 90.9 %. 

 In case of the studies carried out on ROIs extracted segmented manually, Takemura et al. 

[264] reported the highest classification accuracy of 100 % using AdaBoost classifier. The 

optimal feature set has been obtained by the application of sequential forward search (SFS) on 

a feature set formed by a combination of FOS, GLCM based texture features and 

morphological features.  

Piliouras et al. [209] reported a classification accuracy of 98.7 % using SVM classifier 

and a feature set consisting of various texture and morphological features. Texture features 
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have been computed using different methods like FOS, GLCM, GLRLM. The morphological 

features have been computed on the basis of radial distance of tumor’s centroid from the edges. 

A wrapper based method of feature selection has been utilized to find out optimal features for 

classification of breast tumors.  

2.4.2. Machine learning based studies carried out for classification of breast tumors 
using pre-processed ultrasound images 

A brief description of various machine learning based CAD systems designed for 

classification of breast tumors using pre-processed ultrasound images is shown in Table 2.5. 

Table 2.5 A brief description of various machine learning based CAD systems designed for classification of 
breast tumors using pre-processed ultrasound images. 

Investigator Images 
Pre-

processing 
ROI 

extraction 
Feature 

extraction 
Feature 
selection 

Classifier 
     (Acc.) 

Horsch et al. 
(2002) [102] 

B: 306 
M: 94 

Median filter 
→ Gaussian 

function 
Classical 

Autocorrelation 
+ morphological 

features 

Wrapper 
method 

    LDA 
(AUC: 0.88) 

Drukker et 
al. (2003) 
[65] 

1740 RGI filtering Classical 
Texture and 

margin features 
Wrapper 
method 

        BNN 
(AUC: 0.81) 

Wang et al. 
(2008) [281] 

B: 81 
M: 87 

2nd order 
Butterworth 

filter → 
contrast 

enhancement 

Deformable 
parts model 

based 

GLCM , DWT 
texture + 

morphological 
features 

-- 
        BPNN 

(94.1%) 

Wu et al. 
(2008) [286] 

B: 120 
M: 90 

AD filter → 
stick 

method→ 
thresholding 

method 

Deformable 
parts model 

based  

Autocovariance 
+ morphological 

features 
-- 

        SVM 
(92.8%) 

Drukker et 
al. (2008) 
[66] 

157 
Gray scale 
inversion, 

Median filter 
Classical 

Autocorrelation 
+ morphological 

features 
-- 

    BNN 
(AUC: 0.9) 

Cui et al. 
(2009) [60]  

B: 150 
M: 100 

Gaussian filter 
Deformable 
parts model 

SGLD + 
morphological 

features 

Wrapper 
method 

  LR                                                         
(AUC:0.83) 

Cui et al. 
(2009) [59] 

B: 150 
M: 100 

Gaussian filter 
Deformable 
parts model 

SGLD + 
morphological 

features 

Wrapper 
method 

    LDA  
(AUC: 0.9) 

Drukker et 
al. (2009) 
[67] 

-- 
Gray scale 
inversion, 

Median filter 
Classical 

Autocorrelation 
+ morphological 

features 
-- 

         BNN 
(AUC: 0.8) 

Drukker et 
al. (2009) 
[68] 

341 
Gray scale 
inversion, 

Median filter 
Classical 

Autocorrelation 
+ morphological 

features 

Dimensional
-ity 

reduction 

   BNN 
(AUC: 0.82) 

        QDA 
(AUC: 0.76) 

         LDA 
(AUC: 0.88) 
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Su et al. 
(2011) [259] 

B: 67 
M: 65 

SRAD Hybrid 
FOS + 

morphological 
features 

-- 
 AP    

clustering  
(93.1%) 

Wu et al. 
(2012) [284] 

B: 120 
M: 90 

AD filter → 
stick 

method→ 
thresholding 

method 

Deformable 
parts model 

based  

Autocovariance  
+ morphological 

features 

Wrapper 
method 

           SVM 
(95.2%) 

Karimi et al. 
(2013) [132] 

B: 76 
M: 71 

Fuzzy logic → 
compounding 

Classical 
Statistical + 

morphological 
features 

Wrapper 
method 

Ensemble of 
FSVM, NN, 

AdaBoost 
       (98.7%) 

Karimi et al. 
(2014) [133] 

240 
Fuzzy logic → 
compounding 

Classifier 
based  

Wavelet based  
+ morphological 

features 

Wrapper 
method 

        SVM 
(98.7%) 

Flores et al. 
(2015) [74] 

B: 413 
M: 228 

CLAHE → 
AD → 

Gaussian 
function → 
Thresholding 

Classical 
Texture + shape 

and margin 
features 

Wrapper 
method 

     LFDA  
(AUC: 0.9) 

Menon et al. 
(2015) [186] 

-- 

Median filter 
→ High boost 
filter → Sobel 

filter  

Deformable 
parts model 

FOS, GLCM + 
morphological 

features 

Dimensional
-ity 

reduction 

        SVM 
(95.7%) 

Moon et al. 
(2013) [193] 

B: 166 
M: 78 

Sigmoid filter 
→ Gradient 

function 

Deformable 
parts model 

GLCM + shape 
and margin 

features 

Wrapper 
method 

         DT  
(87.0%) 

Moon et al. 
(2015) [191] 

B:84 
M: 85  

Sequential 
sigmoid and 

gradient 
magnitude 

filter 

Deformable 
parts model 

GLCM, Ranklet 
GLCM + 

morphological 
features 

Wrapper 
method 

        SVM 
(93.4%) 

Prabusankarl
al et al. 
(2015) [218] 

B: 70 
M: 50 

NLM filter 
Clustering 

based 

Statistical, 
MRF, Tamura + 
morphological 

features 

-- 
         SVM 

(95.8%) 

Singh et al. 
(2015) [251] 

B: 44 
M: 45 

Wavelet 
filtering 

Manually 
extracted ROI 

Statistical, 
Laws’ texture + 
morphological 

features 

Wrapper 
method 

        NN 
(84.6%) 

Wu et al. 
(2015) [286] 

B: 120 
M: 90 

AD filter→ 
stick 

method→ 
thresholding 

method 

Deformable 
parts model 

based 

Autocovariance 
+ morphological 

features 

Wrapper 
method 

        SVM 
(96.6%) 

Singh et al. 
(2016) [253] 

B: 88 
M: 90 

Wavelet filter 
Manually 

extracted ROI 

Statistical, 
Laws’ texture + 
morphological 

features 

Hybrid 
method 

        FCNN 
(94.1 %) 

Cristerna  et 
al. (2017) 
[58] 

B: 766 
M: 255 

FEN → ISF 
Classical 
method 

Statistical, 
Laws’, BIRADS 
+ morphological 

features  

-- 
       FLDA  

 (84.0 %) 
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Prabusankarl
al et al. 
(2017) [220] 

B: 80 
M: 60 

NLM 
Hybrid 
method 

GLCM, 
GLRLM + 

morphological 
features 

Wrapper 
method 

  SaDE-ELM 
(97.1%) 

Raha et al. 
(2017) [224] 

-- 

Median → 
high boost → 

sobel → 
averaging 

filters 

Classical 

GLCM and 
GLDS + shape 

and margin 
features 

-- 
        kNN 

(96.4%) 

Singh et al. 
(2017) [254] 

B: 88 
M: 90 

Wavelet based 
filter 

Manually 
extracted ROI 

Statistical, 
Laws’ texture + 

shape and 
moment 
invariant 
features 

Hybrid 
method  

BPANN 
(90.0%) 

        SVM 
(94.4%) 

Cristerna  et 
al. (2018) 
[57] 

B: 781 
M: 347 

CLAHE→ 
AD 

Classical 
method 

Statistical, 
Ranklet GLCM, 
+ morphological 

features 

-- 
     RF 

(AUC: 0.87) 

Moon et al. 
(2018) [190] 

B: 166 
M: 78 

Sigmoid filter 
→ gradient 
magnitude 

filter → 
sigmoid filter 

Deformable 
parts based 

model 

GLCM + 
morphological 

features 

Wrapper 
method 

        LR 
(75.1%) 

Nemat et al. 
(2018) [199] 

B: 72 
M: 32 

CLAHE → 
AD  

Classical 

Gabor filter 
based + shape 

and margin 
features 

Wrapper 
method 

        SLR  
(97.1%) 

Uzunhisarcik
li et al. 
(2018) [270] 

B: 64 
M: 89 

Gaussian filter 
→ CLAHE 

Lesion 
contour 

marked by 
radiologist 

GLCM texture 
+ morphological  

features 

Filter 
method 

        ANFIS 
(99.3%) 

Kriti et al. 
(2019) [142] 
(Present 
work) 

B: 40 
M: 60 

FB 
Deformable 
parts based 

model 

FOS, GLCM, 
GLRLM, 

Laws’, FPS, 
Gabor + 

morphological  
features 

Wrapper 
method 

        SVM 
 (66.7 %) 

Note: ROI: Region of interest, Acc: Accuracy, B: Benign, M: Malignant, LDA: Linear discriminant analysis, 
RGI: Radial gradient index, BNN: Bayesian neural network, GLCM: Gray level co-occurrence matrix, DWT: 
Discrete wavelet transform, BPNN: Back-propagation neural network, AD: Anisotropic diffusion, SVM: 
Support vector machine, AUC: Area under the curve, SGLD: Spatial gray level dependence, LR: Logistic 
regression, QDA: Quadratic discriminant analysis, SRAD: Speckle reducing anisotropic diffusion, FOS: First 
order statistics, AP: Affinity propagation, FSVM: Fuzzy support vector machine, NN: Neural network, FCNN: 
Fuzzy cluster based neural network, CLAHE: Contrast limited adaptive histogram equalization, LFDA: Local 
Fischer discriminant analysis, DT: Decision tree, NLM: Non-local mean, RF: Random forest, FEN: Fuzzy 
enhancement, ISF: Interference based speckle filtering,  FLDA: Fischer linear discriminant analysis, GLRLM: 
Gray level run length matrix, SaDE-ELM: Self adaptive differential evolution-Extreme learning machine, 
GLDS: Gray level difference statistics, kNN: k-nearest neighbours, BPANN: Back-propagation artificial neural 
network, SLR: Stepwise logistic regression, ANFIS: Adaptive neuro-fuzzy inference system, FB: Fourier 
Butterworth. 
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From Table 2.5, it is noted that all the studies have reported the binary classification of 

breast tumors into benign and malignant classes. It can also be noted that most of the studies 

have been carried out on ROIs generated by using computer-assisted methods while very few 

studies have been carried out on manually extracted ROIs [254, 270]. Based on the studies 

presented in Table 2.5, following points can be noted: 

(i) Almost all the segmentation methods ranging from classical, clustering based, classifier 

based, graph based, deformable parts model based to multi-resolution based have been reported 

for segmenting the breast tumors from pre-processed images. 

(ii) Most of the studies make use of different filtering methods for pre-processing the breast 

ultrasound images, while very few studies have used both filtering and enhancement methods 

for the pre-processing of breast ultrasound images [67, 57, 58, 74, 199, 284, 286].  

(iii) It can be noted that most of the studies have been carried out by using statistical methods 

of texture feature extraction, while only few studies have been reported to use Laws’ mask 

based features and transform domain based methods of feature extraction [57, 58, 133, 195, 

203, 229, 255, 286].  

(iv) Wrapper based methods of feature selection have popularly been used for the selection of 

optimal features and very few studies have been carried out utilizing filter based methods of 

feature selection and feature space dimensionality reduction [68, 190, 274]. 

Menon et al. [190] used a combination of median, high boost and sobel filters to pre-

process 78 breast ultrasound images. From the pre-processed images, the tumor regions have 

been segmented using deformable parts model. From the segmented images a feature set 

containing texture and morphological features has been computed. The texture features have 

been computed using FOS, GLCM and covariance based methods. The study reported an 

accuracy of 95.7 % using SVM classifier and an optimal number of principal components 

obtained by applying principal component analysis (PCA) to the computed feature set.  

Prabusankarlal et al. [222] reported an accuracy of 95.8 % using SVM classifier and a 

feature set containing different texture and morphological features. The texture features have 

been computed by using different methods like Histogram, Markov random filed based (MRF), 

Tamura, GLCM and GLRLM. The performance has been tested on a set of 120 images pre-

processed using non-local means filter (NLM) and segmented by clustering based methods. In 

another study [224] the authors reported an accuracy of 97.1 % achieved using an extreme 

learning machine based classifier, self adaptive differential evolution-Extreme learning 

machine (SaDE-ELM). The study has been carried out on a set of 140 images pre-processed 

using NLM filter and a wavelet transform based segmentation method. From the segmented 
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tumor images, feature set containing GLCM, GLRLM based texture and morphological 

features have been computed. The features have been reduced using a rough set method. 

Raha et al. [228] reported an accuracy of 96.4 % using kNN classifier and a feature set 

containing GLCM, gray level difference statistics (GLDS) based texture features and 

morphological features. The study has been carried out using images pre-processed by median, 

high boost, sobel and averaging filters and segmented by watershed transform. 

Singh et al. [258] used 178 images for classification of breast tumors. The images have 

been filtered by wavelet based filter and ROIs have been extracted manually. From the 

extracted ROIs different texture and morphological features have been computed. The texture 

features have been computed using statistical methods and Laws’ mask analysis while the 

morphological features consist of conventional shape based features and moment invariant 

features. The study compared the performance of SVM and back propagation artificial neural 

network (BPANN) classifier using an optimal feature set obtained by using a hybrid feature 

selection technique. 

Uzunhisarcikli et al. [270] reported an accuracy of 99.3 % for classifying 153 breast 

ultrasound images using a type-2 adaptive neuro-fuzzy inference system (ANFIS) and an 

optimal feature set containing GLCM based texture features and morphological features. The 

features have been computed from the ROIs extracted on the basis of lesion contour marked by 

the radiologist and pre-processed using Gaussian filter and contrast limited adaptive histogram 

equalization (CLAHE). 

Nemat et al. [199] reported an accuracy of 97.1 % using stepwise logistic regression 

(SLR) classifier. The study has been carried out on 104 breast ultrasound images pre-processed 

using CLAHE followed by anisotropic diffusion (AD) filter and segmented using watershed 

transform. From the segmented tumor images a feature set containing texture and 

morphological features has been computed wherein the texture features have been computed 

using Gabor based filters. 

Wu et al. [286] reported an accuracy of 96.6 % using SVM classifier and optimal feature 

set obtained using artificial intelligence system. The study has been carried out on 210 breast 

ultrasound images pre-processed using AD filter followed by stick enhancement. From the 

segmented tumor images autocovariance texture and morphological features have been 

computed for classification task.   

Karimi et al. [132] used fuzzy enhancement and compounding for pre-processing a total 

of 147 breast ultrasound images. The images have been segmented using region growing 
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method. From the segmented tumor images different statistical texture features and 

morphological features have been computed. The study reported an accuracy of 98.7 % using 

an ensemble based classifier and optimal feature set computed using wrapper based methods. In 

another study Karimi et al. [133] proposed a CAD system design using SVM classifier. The 

study has been carried out on 240 images pre-processed using fuzzy enhancement and 

compounding technique. The images have been segmented using neural network (NN) 

classifier. From the segmented images wavelet based texture features and morphological 

features have been computed and an optimal feature set has been obtained by using a wrapper 

method. The study reported an accuracy of 98.7 %. 

From the machine learning based studies presented in Table 2.4 and 2.5, it has been 

observed that for classification of breast tumors, either original images have been used or pre-

processed images have been used. No study has yet reported the use of both original and pre-

processed images for classification of breast tumors. Also most of the studies have employed 

statistical methods of texture feature extraction like FOS, GLCM and GLRLM. It is also worth 

mentioning that no study has yet been reported to analyse the effect of despeckle filtering 

algorithms on the classification performance. Therefore in the present work, to analyse the 

effect of despeckle filtering algorithms on the classification of breast tumors, both original as 

well as images despeckled by different despeckle filtering algorithms have been used to design 

different CAD system designs in order to obtain an optimal CAD system for classification of 

breast tumors.  

2.5. Review of Literature on Classification of Breast Tumors using Deep 
Learning Approaches  

The studies conducted for classification of breast tumors using deep learning based 

approaches has been conducted by using either generative architectures or discriminative 

architectures by using convolutional neural networks (CNNs). The various deep learning 

studies conducted by researchers in the past can broadly be categorized as (a) Studies carried 

out for classification of breast tumors using original ultrasound images, (b) Studies carried out 

for classification of breast tumors using pre-processed ultrasound images. A brief summary of 

the related studies for classification of breast tumors using deep learning approaches is give 

here. 

2.5.1. Deep learning based studies carried out for classification of breast tumors 
using original ultrasound images 

A brief description of deep learning based studies carried out for classification of breast 

tumors using original ultrasound images is shown in Table 2.6. 
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Table 2.6 A brief description of deep learning based studies carried out for classification of breast tumors using 
original ultrasound images. 

Investigator Images 
ROI extraction/ 

segmentation 
Feature  

extractor 
Feature selection 

/reduction 
Classifier  

        (Acc.) 
Cheng et al. 
(2016) [48] 

B: 275 
M: 245 

Full image -- -- 
           SDAE 

(82.4%) 

Antropova et al. 
(2017) [14] 

C: 1098 
SBL: 880 
M: 415 

Manually 
extracted ROI 

VGG-19 -- 
      SVM 
(AUC: 0.85) 

Han et al. 
(2017) [92] 

B: 4254 
M: 3154 

Full image -- -- 
GoogLeNet 

       (91.0 %) 
Byra (2018) 
[29] 

B: 48 
M: 52 

Full image VGG-19 -- 
     FLDA  
(AUC: 0.84) 

Xiao et al. 
(2018) [294] 

B: 1370 
M: 688 

Full image 

-- -- 

Self-designed  
    (74.4%) 
InceptionV3  

     (85.1%) 
ResNet50 + 
Xception + 

InceptionV3 
-- 

               NN 
(89.4%) 

Xie et al. (2018) 
[295] 

N: 1418 
Ca: 1182 

Improved Mask 
R-CNN 

-- -- 
ResNet 

             (--) 

Al-Dhabyani et 
al. (2019) [5] 

N: 133 
B: 320 
M: 490 

Full images -- -- 
NASNet 
(99.0 %) 

Cao et al. 
(2019) [34] 

B: 577 
M: 464 

Full image 
-- -- 

DenseNet 
          (85.0 %) 

Manually 
extracted ROI 

DenseNet 
          (87.5 %) 

Fujioka et al. 
(2019) [75] 

B: 48 
M: 72 

Full image -- -- 
GoogLeNet 

      (92.0 %) 
Han et al. 
(2019) [93] 

B: 4254 
M: 3154 

Manually 
extracted ROI 

-- -- 
GoogLeNet 

       (90.4%) 

Huang et al. 
(2019) [109] 

B-III: 531 
B-IVa: 443 
B-IVb: 376 
B-IVc: 565 
B-V: 323 

Multiscale 
architecture based 

on FCN-16s 
-- -- 

Self-designed  
            (--)  

Kameswari et 
al. (2019) [131] 

B: 250 
M: 150 

Full image -- -- 
Self-designed 

(98.0 %) 

Qi et al. (2019) 
[221] 

N: 5386 
M: 2759 

Full image -- -- 

            Mt-Net 
(94.4%) 

           Sn-Net 
(90.1%) 

Zeimarani et al. 
(2019) [311] 

B: 413 
M: 228 

Full image -- -- 
Self-designed        

(92.0%) 

Note: ROI: Region of interest, Acc.: Accuracy, B: Benign, M: Malignant, SDAE: Stacked denoising 
autoencoder, C: Cyst, SBL: Solid benign lesion, SVM: Support vector machine, FLDA: Fischer linear 
discriminant analysis, AUC: Area under the curve, NN: Neural network, N: Normal, Ca: Carcinoma, R-CNN: 
Region based CNN, B-III: BIRADS category 3, B-IV: BIRADS category 4, B-V: BIRADS category 5, FCN: 
Fully convolutional network. 
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From Table 2.6, it has been observed that most of the studies carried out for classification 

of breast tumors using deep learning approaches have reported the binary classification of 

tumors into benign and malignant classes. Based on the studies presented in Table 2.6, 

following points can be noted: 

(i) The performance of pre-trained networks like GoogLeNet, Inception V3, ResNet, DenseNet 

and NASNet has been tested. It is worth observing that the GoogLeNet architecture yielded 

maximum accuracy of 92.0 % and 90.4 %, with full images and manually extracted ROIs 

respectively [75, 93].  

(ii) It can also be noted from the table that discriminative deep learning architectures like pre-

trained CNNs, self-designed CNNs have widely been used while only one study has been 

reported to use generative architectures [48].  

(iii) It can also be seen that for classification purposes, most of the studies have used full 

images as input to the deep learning architectures, while studies by [109, 295] have reported the 

use of deep learning based segmentation methods to generate the tumor images. However it is 

worth noting that the studies utilizing the segmented tumor images gave been carried out for 

classification of images into classes other than benign and malignant.   

The study conducted by Cheng et al. [48] used a total of 520 images for breast tumor 

classification. The study has been carried out on full images by using a generative architecture 

stacked denoising autoencoder (SDAE). The study reported an accuracy of 82.4 % with 

softmax classifier.  

By using a self-designed CNN the network architecture proposed by Kameswari et al. 

[130] yielded the maximum classification accuracy of 98.0 % for classification of benign and 

malignant breast tumors using 400 full size images.  

Xiao et al. [294] experimented three different deep learning architectures viz. pre-trained 

Inception-V3 network, a self-designed CNN and pre-trained CNNs as feature extractors. The 

study utilized a combined feature vector using features computed from ResNet50, Xception and 

InceptionV3 networks for the extraction of features from the ultrasound images. The computed 

feature vectors were then clubbed together and fed to NN classifier for classification purposes 

achieving an accuracy of 89.4 % using a dataset containing 2,058 images.  

Byra et al. [29] used a set of 100 images for classification of breast tumors using deep 

features extracted from VGG-19 architecture and classified using Fischer linear discriminant 

analysis (FLDA) classifier achieving an area under the curve (AUC) value of 0.84. 

Fujioka et al. [75] used a set of 120 images for classification of breast tumors using a pre-

trained GoogLeNet achieving an accuracy of 92.0 %. 
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Han et al. reported two studies for classification of breast tumors using pre-trained 

GoogLeNet architecture on a comprehensive dataset of 7,408 images. In [92], the authors used 

manually extracted ROIs and reported an accuracy of 91.0 % while in [93], the authors used 

full images and reported an accuracy of 90.4 %. 

In another study Cao et al. [34] experimented the use of different CNN networks like 

AlexNet, ZFNet, VGG-16, GoogLeNet, ResNet and DenseNet for classification of 1,041 

images. The study has also experimented the use of full images as well as manually extracted 

ROIs for classification of breast tumors. In both cases DenseNet architecture has outperformed 

other network architectures achieving an accuracy of 85.0 % and 87.5 %, respectively.  

2.5.2. Deep learning based studies for classification of breast tumors using pre-
processed ultrasound images 

A brief description of deep learning based studies carried out for classification of breast 

tumors using pre-processed ultrasound images is shown in Table 2.7. 

Table 2.7 A brief description of deep learning based studies carried out for classification of breast tumors using 
pre-processed ultrasound images. 

Investigator Images 
Pre-

processing 

ROI 
extraction/ 

segmentation  

Feature 
extractor 

Feature 
selection/ 
reduction 

Classifier 

           (Acc.) 

Karimi et al. 
(2013) [132] 

B: 76 
M: 71 

Fuzzy logic → 
compounding 

Region- 
growing 

Self-
designed  

-- 

Ensemble of 
FSVM, NN, 

AdaBoost 
    (95.0%) 

Lee et al. 
(2018) [153] 

B: 100 
M: 150 

CLAHE Full image 
  

              SDAE 
(83.0%) 

Byra et al. 
(2019) [30] 

B: 678 
M: 204 

Median filter 
Manually 

extracted ROI 
VGG-19  -- 

             SVM 
(86.0 %) 

Ciritsis et al. 
(2019) [56] 

B: 24 
M: 19 

Median filter 
Manually 

extracted ROI   
Self-designed      

          (93.0 %) 

Zhang et al. 
(2019) [312] 

B: 107 
M: 53 

DTGF 
Full image 

-- -- 

             SCAE 
(92.0 %) 

B: 205 
M: 90 

Watershed 
transform 

             SCAE 
(83.9 %) 

Kriti et al. 
(2020) [144] 
(Present work) 

B: 40 
M:60 

DPAD 
Chan-Vese 

ACM 
GoogLeNet 

ANFC-LH, 
CrFS 

              ANFC 
(98.0 %) 

Note: ROI: Region of interest, Acc.: Accuracy, B: Benign, M: Malignant, FSVM: Fuzzy support vector 
machine, NN: Neural network, CLAHE: Contrast limited adaptive histogram equalization, SDAE: Stacked 
denoising autoencoder, SVM: Support vector machine, DTGF: Distance-transformation coupled Gaussian filter, 
SCAE: Stacked convolutional autoencoder, DPAD: Detail preserving anisotropic diffusion, ACM: Active 
contour model, ANFC-LH: Adaptive neuro-fuzzy classifier using linguistic hedges, CrFS: Correlation based 
feature selection.   

From Table 2.7, it can be noted that very few deep learning based studies have been 

carried out for classification breast tumors using pre-processed images. Based on the studies 

presented in Table 2.7, following points can be noted:  
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(i) Very few studies have been carried out for classification of pre-processed breast ultrasound 

images using deep learning approaches.  

(ii) Most of the studies in the literature have made use of both generative and discriminative 

architectures. In case of discriminative architectures, all the network topologies have been 

experimented instead of the pre-trained CNNs for classification of breast tumors.   

For classification of pre-processed breast ultrasound images using autoencoder and its 

variants, SDAE and stacked convolutional autoencoder (SCAE) architectures have been used. 

Lee et al. [153] used SDAE followed by softmax classifier for classification of breast tumors 

from full size ultrasound images processed by contrast limited adaptive histogram equalization 

(CLAHE). The study has been carried out on 250 breast ultrasound images and reported an 

accuracy of 83.0 %.  

Zhang et al. [312] used SCAE followed by softmax classifier for classification of breast 

tumors from ultrasound images pre-processed using distance-transformation coupled Gaussian 

filter (DTGF). The study has been carried out on 160 full images as well as 295 segmented 

tumor images obtained by watershed transform achieving an accuracy of 92.0 % and 83.9 %, 

respectively.  

For classification of pre-processed breast ultrasound images using self-designed CNNs, 

the architecture proposed by Ciritsis et al. [56] achieved an accuracy of 93.0 % using manually 

extracted ROIs from 43 ultrasound images pre-processed by median filter.  

Karimi et al. [132] reported an accuracy of 95.0 % using 147 breast ultrasound images 

pre-processed using fuzzy logic and compounding and segmented by region growing. A self-

designed CNN has been used to extract deep features from the tumor images and an ensemble 

of FSVM, NN and AdaBoost has been used as classifier.  

Byra et al. [30] used 882 breast ultrasound images pre-processed by median filter for 

classification of breast ultrasound images using VGG-19 as deep feature extractor and SVM as 

classifier. The study reported an accuracy of 86.0 %. 

From the deep learning based studies presented in Table 2.6 and 2.7, it has been observed 

that for classification of breast tumors, either original images have been used or pre-processed 

images have been used. No study has yet reported the use of both original and pre-processed 

images for classification of breast tumors. Also most of the studies have reported to use full 

images or manually extracted ROIs to be fed as input to the deep network. Very few studies 

have been conducted that make use of segmented tumor images for classification purposes.  

Therefore, in the present work an attempt has been made to generate tumor images using both 

original and despeckled images such that efficient texture and morphological information is 
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captured by the deep network design [144]. Also the performance of different CNN based CAD 

system designs has been tested by using these segmented images in order to find an optimal 

CAD system design based on deep learning approaches. 

2.6. Concluding Remarks 

The conclusions drawn from the literature review of the related studies are described 

here. 

(i) Based on the summary of the different studies it has been noted that a comparative analysis 

of different despeckle filtering algorithms on the basis of image quality metrics as well as 

radiologist’s opinion to find an optimal filter still needs to be explored further for breast 

ultrasound images. Therefore, evaluation of despeckle filtering algorithms for pre-processing of 

breast ultrasound images has been taken up as one of the objectives of the present research 

work.   

(ii)  From the brief summary of literature review available on the problem of segmentation of 

breast tumors, it can be observed that various successful attempts have been made by the 

researchers for the segmentation of breast tumors using different techniques like thresholding, 

region growing methods, watershed transform based methods, active contour methods, 

clustering methods, hybrid methods and deep learning based methods. The performance 

evaluation of these methods has been carried out on the basis of different area and boundary 

based metrics. However it is also worth noting that very few studies have been carried out in 

the past that analyse the effect of the application of despeckle filtering algorithms on the 

segmentation of breast tumors therefore, in the present research work, evaluation of effect of 

despeckle filtering algorithms on segmentation of breast tumors has been taken up as an 

objective.  

(iii) From the brief summary of literature review available on the problem of classification of 

breast tumors using machine learning based approaches, it can be noted that most of the studies 

have been carried out either on original ultrasound images or pre-processed ultrasound images. 

No study has been presented in the literature that uses both original and pre-processed images 

for classification of breast ultrasound images. The potential of both original and despeckled 

images used for extraction of features needs to be tested for accurate classification of breast 

ultrasound images. Therefore to evaluate the effect of despeckle filtering algorithms on the 

classification of breast tumors has been taken up as the next objective of the present research 

work. Also it can be noted that for most of the studies statistical methods of texture feature 

extraction have been used. However, it is also worth noting that for classification of other soft 

tissue organs, many studies have made use of local binary pattern (LBP) based texture features 
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[53, 94, 134, 146, 152, 196, 210, 265, 266] however, the potential of these features combined 

with morphological features has still not been tested therefore the design of LBP based CAD 

systems for classification of breast tumors has been taken up as the next objective of the present 

research work.  

(iv) From the brief summary of literature review available on the problem of classification of 

breast tumors using deep learning approaches, it can be noted that most of the studies have 

been carried out either on original ultrasound images or pre-processed ultrasound images. No 

study has yet been presented in the literature that uses both original and pre-processed images 

for classification of breast ultrasound images. The potential of both original and despeckled 

images processed by different deep learning algorithms needs to be tested for accurate 

classification of breast tumors. Therefore design of efficient convolutional neural network 

based CAD systems for classification of breast tumors has been taken up as the next objective 

of the present research work. 
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Chapter 3 

Effect of Despeckle Filtering Algorithms on Breast 
Ultrasound Images  

3.1. Introduction  

The visual quality of ultrasound image is an important factor to effectively diagnose any 

abnormality present in the internal body tissues. For an ultrasound image, the visual quality is 

often hampered by low contrast and sometimes the presence of speckle noise, on this low 

contrast image presents a daunting challenge for radiologists in their interpretation [27, 193]. 

Therefore, controlled despeckling of breast ultrasound images (such that important diagnostic 

information like edges/features/structure is preserved) is important for image interpretation as 

well as improving the accuracy of computer assisted algorithms for segmentation and 

classification of these images [58, 69, 70, 138, 149, 173, 205, 214, 216, 249]. Different 

despeckle filtering algorithms have been widely used for controlled despeckling of breast tissue 

[19, 58, 69, 70, 135, 148, 149, 202, 205, 208, 214-216, 249, 252, 255, 313]. 

Prabhakar et al. [214] used 03 transform domain methods of filtering namely curvelet 

transform, shearlet transform and tetrolet transform taken from multiscale filter category. The 

objective assessment has been carried out on the basis of two image quality metrics namely 

signal-to-noise ratio (SNR) and peak signal-to-noise ratio (PSNR).  

Nugroho et al. [202] attempted to compare the performance of 07 despeckle filtering 

algorithms taken from 02 filter categories. Image quality after despeckling was determined on 

the basis of metrics like SNR, mean square error, speckle index, average difference, contrast to 

speckle ratio.  

Singh et al. [255] compared the performance of 14 despeckle filtering algorithms taken 

from 03 filter categories namely Fourier filters, multiscale filters and non-linear iterative filters. 

The performance evaluation of these filters has been carried out on the basis of different image 

quality metrics like ERI to quantify the edge-retrieval capabilities (objective analysis) as well 

as subjective analysis by experts. In another study, Singh et al. [252] compared the 

performance of 23 despeckle filtering algorithms taken from 04 different filter categories 

namely local statistics based filters, Fourier filters, multiscale filters and non-linear iterative 

filters. The performance evaluation of these filters has been carried out on the basis of different 

image quality metrics like ERI to quantify the edge retrieval capabilities (objective analysis) as 

well as subjective analysis by experts. 
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Zhang et al. [313] compared the performance of 11 filters taken from 05 categories of 

despeckle filtering algorithms namely local statistics based filters, multiscale filters, non-local 

mean filters, non-linear iterative filters and hybrid filters. The study has been carried out on 400 

breast ultrasound images and the performance assessment has been carried out on the basis of 

objective as well as subjective evaluation. For the objective assessment, an image quality 

metric named natural image quality estimator (NIQE) has been used and for the subjective 

analysis, the grading by 03 experts has been used.  

Based on the observations made by conducting an exhaustive review of literature for 

despeckling of breast ultrasound images, in the present research work, an exhaustive set of 42 

despeckle filtering algorithms taken from the entire 08 filter categories have been chosen for 

analysis. The performance of these algorithms has been compared on the basis of objective 

assessment by calculating an image quality metric, structure and edge preservation index 

(SEPI) to evaluate their structure and edge preservation capability. The best performing filters 

selected on the basis of SEPI have further been used for subjective analysis by the experienced 

radiologist to yield an optimal filter for controlled despeckling of breast ultrasound images 

[141]. 

3.2. Experimental Workflow : Effect of Despeckle Filtering Algorithms 
on Breast Ultrasound Images 

The experimental workflow followed for analysing the effect of despeckle filtering 

algorithms on breast ultrasound images is given in Fig. 3.1. 

3.2.1. Dataset description 

For the researchers working specifically in the area of analysis and classification of breast 

ultrasound images, collection of a comprehensive dataset representative of all the image 

subclasses is pre-requisite. Furthermore, only one standard benchmark database containing 

exhaustive collection of various breast ultrasound images with the representative cases of 

different types of benign and malignant tumors is available for researchers since the year 2004 

namely ultrasoundcases.info [103]. As a result, most of the studies conducted for the analysis 

and classification of breast ultrasound images have been carried out by using (a) image dataset 

acquired by individual research groups in collaboration with the regional hospitals, (b) standard 

benchmark database ultrasoundcases.info and (c) standard benchmark image database 

ultrasoundcases.info along with image dataset acquired from hospitals. For carrying out the 

present work, the ultrasound images have been taken from a standard benchmark database of 
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ultrasound images named ultarsoundcases.info [103]. The website has been developed by Dr. 

Taco Geertsma in the year 2004.  

 

Fig. 3.1 Experimental workflow followed for analysing the effect of despeckle filtering algorithms on breast 
ultrasound images. 
Note: FI: Fourier ideal, FB: Fourier Butterworth, HFB: Homomorphic Fourier Butterworth, DPAD: Detail 
preserving anisotropic diffusion. 

The cases in the dataset have been presented as images having different projections and 

annotations indicating specific features. These cases have been collected over the years by 

different radiologists at Gelderse Vallei Hospital, Ede, Netherlands using high-end Hitachi 

ultrasound equipment [103], where each image consists of 256 gray scale tones and a 

horizontal and vertical resolution of 96 dpi. Out of the many images present in the dataset, a 

total of 100 breast ultrasound images consisting of 40 benign and 60 malignant images have 

been considered for analysis in consultation with the participating radiologist keeping in view 

the following protocols:  

(i) Only B-mode ultrasound images have been considered (i.e. Color Doppler images and 

Elastography images have not been included).  

(ii)  From the images with multiple views of the same tumor, only one representative image has 

been selected. 

(iii) The size of the tumor region should be at least 800 pixels to provide a good sampling 

distribution for computing reliable statistics.  

(iv) The images should be of diagnostic quality and should not contain any artefacts.  
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(v) The images having annotations to point out certain features have not been included.  

(vi) Due care has been taken to include all the representative cases of various subclasses of 

benign tumors like simple cysts, cysts with internal echoes, cysts with mass like lesions, 

fibroadenomas, lipomas etc, as well as subclasses of malignant tumors like invasive ductal 

carcinoma, invasive lobular carcinoma etc.  

The dataset used in the present research work is described in Fig. 3.2. 

 

Fig. 3.2 Dataset description. 

The entire image dataset was stored on a 64-bit windows 10 PC with Intel (R) Core (TM) 

i3-5005U, 2.00 GHz processor and 4.00 GB RAM and the experiments have been conducted 

using MATLABR2015b. 

3.2.2. Despeckle filtering algorithms 

Speckle noise is a multiplicative noise formed due to the superposition of echoes having 

random phase and amplitudes. Depending upon the type of interference of the echoes, whether 

constructive or destructive, speckle noise ranges from zero to maximum. Mathematically, 

speckle noise can be modelled as:  

𝑦(𝑖, 𝑗) = 𝑥(𝑖, 𝑗). 𝑛(𝑖, 𝑗) (3.1) 

Here, x(i, j) is the noise free image, n(i, j) is the multiplicative noise, y(i, j) is the noisy image. 

Some despeckling filters work on the multiplicative noise but for some filters the multiplicative 

noise needs to be converted to additive noise. This transformation is done using log operation.  

log[𝑦(𝑖, 𝑗)] = log[𝑥(𝑖, 𝑗). 𝑛(𝑖, 𝑗)] = log[𝑥(𝑖, 𝑗)] + log [𝑛(𝑖, 𝑗)] (3.2) 

For the reduction of speckle noise, different techniques have been proposed [23, 24, 171, 

173, 184]. A broad characterization of different despeckle filtering algorithms is given in Fig. 

3.3. 
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Fig. 3.3 Despeckle filtering algorithms used in the present work. 
Note: Lsminsc: local statistics minimum speckle index, Lsmv: Local statistics mean variance, FBL: Fast 
bilateral, TMED: Triangulation median, TMAV: Triangulation moving average, ATMED: Asymmetrical 
triangulation median, ATMAV: Asymmetrical triangulation moving average, FI: Fourier ideal, FB: Fourier 
Butterworth, HFI: Homomorphic Fourier ideal, HFB: Homomorphic Fourier Butterworth, MPT: Multiscale 
product thresholding, IOWT: Inter orthonormal wavelet thresholding, NSS: NeighShrinkSure, TV: Total 
variation, ATV: Adaptive total variation, HyMedian: Hybrid median, Homog: Maximum homogeneity, Homo: 
Homomorphic, SRAD: Speckle reducing anisotropic diffusion, AD: Anisotropic diffusion, DPAD: Detail 
preserving anisotropic diffusion, CA: Linear scaling of gray-level values, LS: Linear scaling, Ecasort: Linear 
scaling and sorting, OBNLM: Optimized Bayesian non-local means, PPB: Probabilistic patch based, HyTMED: 
Hybrid triangulation median, HyTMAV: Hybrid triangulation moving average, HyATMED: Hybrid 
asymmetrical triangulation median, HyATMAV: Hybrid asymmetrical triangulation moving average, GW: 
Geometric wiener. 

The parameters used in the implementation of each filter are shown in Table 3.1. 

Table 3.1 Parameters used for implementation of despeckle filtering algorithms. 

Despeckling Filter Parameters 

Local statistics 
based filter 

Lee [23, 24, 72, 314] Neighbourhood size = 5, No. of iterations = 2 

Lee Sigma [154] Neighbourhood size = 5 

Kuan [23, 24, 72] No. of iterations = 2 

Frost [23, 24, 72, 314] Neighbourhood size = 5 

Lsminsc [23, 24, 172, 173] Neighbourhood size = 5, No. of iterations = 2, Edge = 0 

Lsmv [23, 24, 172, 173] Neighbourhood size = 5, No. of iterations = 2 

Wiener [23, 24, 171, 172] Neighbourhood = 5, noise = [] 

FBL [23, 24] 
Width of spatial Gaussian (sigmaS) = 10, Width of 
range Gaussian (sigmaR) = 20 

Fuzzy filters 

TMED [23, 24, 148] Window size = 3 × 3 

TMAV [23, 24, 148] Window size = 3 × 3 

ATMED [23, 24, 148] Window size = 3 × 3 

ATMAV [23, 24, 148] Window size = 3 × 3 

Fourier filters 
FI/HFI [23, 24, 184] Cut off frequency = 500 

FB/HFB [23, 24, 184] Cut off frequency = 500, Order = 2 

Multiscale 
filters 

MPT [23, 24] Noise variance (v) = 28, Scale number = 2, c = 12 

IOWT [175] Wavelet type =  sym8 

BlockShrink [320] 
Low frequency cut off for Shrinkage Jmin = 5, wavelet 
filter sym8 

BayesShrink [23, 42] Wavelet type = haar, levels = 2  

NSS [23, 24] Decomposition level L = 3, wavelet type = sym8 

Total variation TV [23, 24] theta = 15, No. of iterations = 5, time step = 0.25 
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filters 
ATV [23] 

Regularization parameter mu = 20, time step = 0.2, 
lambda = 1 

Non-linear 
iterative filters 

Shock [283] Mask size = 9, No. of iterations = 30, time step = 0.25 

Median [23, 172] Neighbourhood size = 5, No. of iterations = 2 

HyMedian [23, 172] Neighbourhood size = 5, No. of iterations = 3 

Homog [23, 172] Neighbourhood size = 5, No. of iterations= 3 

Homo [23, 172] Neighbourhood size =5 

Geometric [ 23, 72, 172] Neighbourhood size = 3, No. of iterations = 2 

SRAD [23, 72, 172, 173] Time step = 0.02, No. of steps = 30 

AD [23, 72, 172, 173] 
No. of iterations = 20, diffusion constant kappa = 30, 
rate of diffusion lambda = 0.25, option = 1 

DPAD [3, 23, 72, 314] 
Step size = 0.02, No. of iterations = 30, Cu noise 
estimation with n = 5 

CA [172, 173] Neighbourhood size = 5, No. of iterations = 2 

LS [172, 173] Neighbourhood size = 5, No. of iterations = 3 

Ecasort [172, 173] Neighbourhood size = 5, No. of iterations = 3 

Non-local mean 
filters 

OBNLM [23, 314] 
Search area parameter M = 11, Block size parameter 
alpha = 7, smoothing parameter h =0.4, offset = 100 

PPB [23, 314] 

Half size of search window width hW =  12, Half size of 
window width hD = 4, alpha = 0.8, T = 2, No. of 
iterations = 4 

Hybrid filters 

HyTMED [23, 24, 148] 
Window size for fuzzy and Wiener filters = 3 × 3 
Window size for geometric filter = 3 × 3 and No. of 
iterations = 2 

HyTMAV [23, 24, 148] 
HyATMED [23, 24, 148] 
HyATMAV [23, 24, 148] 

GW [23] 

In the present work, controlled despeckling (i.e. despeckling of the homogeneous areas of 

the image is required while despeckling in the edge pixels is undesired so as to enhance the 

diagnostic information present in the image). To achieve this objective the speckle noise which 

is inherently present in the image was controlled in such a manner so as to maximize the 

structure and edge preservation index. The main idea to maximize structure and edge 

preservation index (SEPI) for performance evaluation of breast ultrasound images is to preserve 

the structure and edge information present in the image while despeckling is carried out. To 

reduce the possible number of combinations, only the key parameter which is common to most 

of the despeckling filters i.e. window-size has been optimized for the values ϵ {3, 5, 7, and 9} 

as the window size affects the degree of noise removal in images, while the other parameters 

have been kept same as given in the base papers.  

3.2.2.1.  Local statistics based filters 

In these filters, the filtering operation is based on the local statistics. Here, a weighted 

average is computed using sub-region statistics to calculate the statistical measures over 

different pixel windows with the window size varying from {3, 5, 7, 9}. The basic form of 

these filters is given as: 

𝑦ො௜,௝ = 𝑦ത௜,௝ + 𝑤௜,௝(𝑦௜,௝ − 𝑦ത௜,௝) (3.3) 
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Here, 𝑦ො௜,௝  is pixel value of denoised image in the moving window, 𝑦௜,௝ is pixel value of noisy 

image, 𝑦ത௜,௝ is local mean and 𝑤௜,௝ is weighing factor and (i, j) are the pixel co-ordinates. 

Despeckling filters used under this category are: Lee filter [23, 24, 72, 314], Lee Sigma 

filter [23, 155], Kuan filter [23, 24, 72, 314], Frost filter [23, 24, 72, 314], local statistics 

minimum speckle index (Lsminsc) filter [172, 173], local statistics mean variance (Lsmv) filter 

[173], Wiener filter [27, 172, 173] and fast bilateral (FBL) filter [23, 81]. The sample 

ultrasound image with benign tumor and corresponding images despeckled by local statistics 

based filters are given in Fig. 3.4. 

 

Fig. 3.4 (a) Sample  ultrasound image of benign tumor and (b) - (i) corresponding images despeckled by (b) 
Lee filter, (c) Lee Sigma filter, (d) Kuan filter, (e) Frost filter, (f) Lsminsc filter, (g) Lsmv filter, (h) Wiener 
filter and (i) FBL filter. 

From Fig. 3.4, it can be noted that the images filtered using Lee Sigma, Kuan filter and 

Frost filter show a blocky effect inside the tumor region. The images filtered using Lsmv filter 

are slightly blurred while smoothing is observed in the images after the application of FBL 

filter. 

3.2.2.2.  Fuzzy filters 

The fuzzy filters are implemented by applying weighted functions of fuzzy membership-

type to the image pixels within a moving window.  These filters can be used to remove random 

noise or impulse noise [23, 148]. The general form of fuzzy filters is given as: 

𝑦ො௜,௝ =
∑ 𝑌[𝑦௜ା௠,௝ା௡]𝑦௜ା௠,௝ା௡(௠,௡)∈஺

∑ 𝑌[𝑦௜ା௠,௝ା௡](௠,௡)∈஺
 (3.4) 

Here, Y [yi, j] represents the window function, A is the area, yi, j: noisy image, m, n represent the 

image dimensions. 

Different filters used under this category are: triangulation median (TMED) filter [23, 

148], triangulation moving average (TMAV) filter [23, 148], asymmetrical triangulation 
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median (ATMED) filter [23, 148] and asymmetrical triangulation moving average (ATMAV) 

filter [23, 148]. The sample ultrasound image with benign tumor and corresponding images 

despeckled by fuzzy filters are given in Fig. 3.5. 

 
Fig. 3.5 (a) Sample original ultrasound image of benign tumor and (b)-(e) corresponding images despeckled by 
(b) TMED filter, (c) TMAV filter, (d) ATMED filter and (e) ATMAV filter. 

From Fig. 3.5, it has been observed that a blocky effect as well as blurring is introduced 

in the images after the application of ATMAV filter. 

3.2.2.3.  Fourier filters 

These filters are based on the Fourier transform. First, the image is converted to the 

transform domain using Fourier transform and then the image is filtered using either ideal or 

Butterworth filters followed by inverse Fourier transform. The same procedure is followed at 

the time of homomorphic filters except before transforming the image from spatial to transform 

domain, the image is first projected onto a logarithmic space [180]. The filters that come under 

this category are: Fourier ideal (FI) filter [23, 184], Fourier Butterworth (FB) filter [180, 23], 

Homomorphic Fourier ideal (HFI) filter [23, 184] and Homomorphic Fourier Butterworth 

(HFB) filter [23, 184]. The sample ultrasound image with benign tumor and corresponding 

images despeckled by Fourier filters are given in Fig. 3.6. 

 
Fig. 3.6 (a) Sample original ultrasound image of benign tumor and (b)-(e) corresponding images despeckled by 
(b) FI filter, (c) FB filter, (d) HFI filter and (e) HFB filter. 

3.2.2.4.  Multiscale filters 

These noise reduction filters are also known as thresholding or wavelet shrinkage filters. 

These filters are based on the principle of transforming the original image into different scales. 

The different filters that come under this category are: BayesShrink filter [42], multiscale 

product thresholding (MPT) filter [23, 24], NeighShrinkSure (NSS) filter [23], BlockShrink 
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filter [320] and inter orthonormal wavelet thresholding (IOWT) filter [175].The sample 

ultrasound image with benign tumor and corresponding images despeckled by multiscale filters 

are given in Fig. 3.7. 

 

Fig. 3.7 (a) Sample original ultrasound image of benign tumor and (b),-(f) corresponding images despeckled by 
(b) MPT filter, (c) IOWT filter, (d) BlockShrink filter, (e) BayesShrink filter and (f) NSS filter. 

3.2.2.5.  Total variation filters 

Total variation denoising reduces the noise in an image while preserving the sharp edges. 

The basic concept of these filters was coined by Rudin, Osher and Fatemi in 1992 [232]. The 

denoising by total variation method can be viewed as an optimization problem wherein the 

filter output can be obtained by minimizing a particular cost function. Different filters used 

under this category are: Total variation (TV) filter [232] and Anisotropic total variation (ATV) 

filter [23]. The sample ultrasound image with benign tumor and corresponding images 

despeckled by total variation filters are given in Fig. 3.8. 

  

Fig. 3.8 (a) Sample original ultrasound image of benign tumor and (b), (c) corresponding images despeckled by 
(b) TV filter and (c) ATV filter. 

3.2.2.6.  Non-linear iterative filters 

The non-linear filtering is based on non-linear operations involving pixels in a 

neighbourhood. The filters that come under this category are: Geometric filter [172, 173], 

maximum homogeneity  (Homog) filter [23, 172], homomorphic (Homo) filter [23, 172, 184], 
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anisotropic diffusion (AD) filter [23, 72, 172, 184], speckle reducing anisotropic diffusion 

(SRAD) filter [23, 172, 173], median filter [23, 172], hybrid median (HyMedian) filter [23, 

172], detail preserving anisotropic diffusion (DPAD) filter [3, 23, 314], Linear scaling (LS) 

filter [172, 173], Linear scaling filter for gray level values (CA) filter [172, 173], Linear scaling 

and sorting (Ecasort) filter [172, 173] and Shock filter [283]. The sample ultrasound image with 

benign tumor and corresponding images despeckled by non-linear iterative filters are given in 

Fig. 3.9. 

 

Fig. 3.9 (a) Sample original ultrasound image of benign tumor and (b)-(m) corresponding images despeckled by 
(b) Shock filter, (c) Median filter, (d) HyMedian filter, (e) Homog filter, (f) Homo filter, (g) Geometric filter, 
(h) SRAD filter, (i) AD filter, (j) DPAD filter, (k) CA filter, (l) LS filter and (m) Ecasort filter. 

From Fig. 3.9, it can be noted that blurring is observed in the images filtered using 

median filter, AD filter, CA filter, LS filter and Ecasort filter resulting in loss of texture 

information. 

3.2.2.7.  Non-local mean filters 

These filters work on the concept of patches around each pixel in an image that are used 

to create the metric for the filters’ operation. The performance parameters of these filters are 
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the size of search window, similarity window and the value of smoothing parameter. The filters 

considered under this category are: Optimized Bayesian non-local means (OBNLM) based 

filter [23, 314] and probabilistic patch based (PPB) filter [23]. The sample ultrasound image 

with benign tumor and corresponding images despeckled by non-local mean filters are given in 

Fig. 3.10. 

 

Fig. 3.10 (a) Sample original ultrasound image of benign tumor and (b), (c) corresponding images despeckled 
by (b) OBNLM filter and (c) PPB filter. 

From Fig. 3.10, it can be noted that images filtered using PPB filter show a smoothening 

effect resulting in loss of information. 

3.2.2.8.  Hybrid filters 

Different hybrid filters are formed by the combination of fuzzy filters, geometric filter 

with wiener filter [23, 148]. The filters used under this category are: Hybrid triangulation 

median (HyTMED) filter [23, 148], Hybrid triangulation moving average (HyTMAV) filter 

[23, 148], Hybrid asymmetrical triangulation median (HyATMED) filter [23, 148], Hybrid 

asymmetrical triangulation moving average (HyATMAV) filter [23, 148] and Geometric 

wiener (GW) filter [23]. The sample original ultrasound image with benign tumor and 

corresponding images despeckled by hybrid filters are given in Fig. 3.11. 

 

Fig. 3.11 (a) Sample original ultrasound image of benign tumor and (b)-(f) corresponding images despeckled by 
(b) HyTMED filter, (c) HyTMAV filter, (d) HyATMED filter, (e) HyATMAV filter and (f) GW filter. 
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From Fig. 3.11, it can be noted that a blocky effect is observed in images after the 

application of HyATMAV filter. 

3.2.3. Evaluation of despeckle filtering algorithms 

The evaluation of despeckle filtering algorithms for noise reduction has been done both 

on the basis of objective assessment as well as subjective assessment. The objective assessment 

has been done on the basis of edge and feature/structure preservation capabilities using image 

quality metrics. The best performing despeckle filtering algorithms based on the objective 

assessment, are further used for subjective assessment that is carried out by an experienced 

participating radiologist. 

3.2.3.1.  Objective assessment of despeckle filtering algorithms 

The exhaustive review of literature [23, 24, 172, 173, 314] indicates that a number of 

metrics/measures i.e. image quality metrics have been used for the objective assessment of 

despeckle filtering algorithms on medical images. A brief description of these image quality 

metrics is given in Table 3.2. 

Table 3.2 A brief description of image quality metrics used for performance assessment of despeckle filtering 
algorithms applied to medical images. 

Metric Name Significance 

Signal-to-noise ratio (SNR) [23, 172, 173] 
Used to find the level of speckle before and after the 
filtering process. 

Peak signal-to-noise ratio (PSNR) [23, 72, 172, 173, 
314] 

Finds the objective difference between original and 
despeckled images. 

Mean square error (MSE) [23, 72, 172, 173, 314] 
Used to estimate the mean difference between original 
and despeckled images. 

Root mean square error (RMSE) [172, 173] 
It is the square root of squared average error over a 
window. 

Laplacian mean square error (LMSE) [23, 172, 173] Used to find the edge features of the image. 

Correlation coefficient (CrC) [23, 172, 173] 
Used to find the degree of closeness between original 
and despeckled images. 

Average difference (AvgD) [172, 173] 
Average of the difference between original and 
despeckled images. 

Maximum difference (MD) [23, 172, 173] 
Maximum value of error between original and 
despeckled images. 

Structural content (SC) [23, 172, 173] 
Used to find the similarity between original and 
despeckled images. 

Normalized average error (NAE) [23, 172, 173] Used to measure the error prediction accuracy. 

Normalized error summation (Err3, Err4) [23, 172, 
173] 

Norm of dissimilarity between original and 
despeckled images. 

Normalized cross-correlation (NK) [23, 172, 173] 
Measurement of alignment before and after 
despeckling. 

Structural similarity index (SSIM) [23, 172, 173] 
Measures similarity between the noisy and denoised 
images. 

Beta metric (β) [23, 173, 187] 
Measures the edge preservation capability of the 
despeckling filter. 

Image quality index (IQI) [23, 24, 172, 173] Used to model the loss of correlation, luminance 
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distortion and contrast distortion. 

From Table 3.2 it can be observed that many quantitative metrics have been computed for 

assessing the performance of despeckle filtering algorithms [23, 24, 172, 173, 314]. The 

traditional parameters for image quality evaluation like MSE, PSNR, MD, SNR etc. also 

sometimes known as full reference image quality metrics, often fail to show the true 

performance of the despeckling filters due to the absence of a noise free reference input image 

[24, 314] therefore the true performance of despeckling filters can be evaluated on the basis of 

edge preservation and feature/structure preservation capabilities. 

An ideal despeckling algorithm should retain edges while smoothing the homogeneous 

areas thereby preserving features/structures of the image. It has been observed from the 

exhaustive literature review that for the quantification of edge preservation capabilities of the 

despeckling algorithm, beta metric (β) has been used [23, 173, 184]. The beta metric is given 

as: 

𝛽 =
∑ (∆𝐼଴ − ∆𝐼଴

ഥ)(∆𝐼ௗ − ∆𝐼ௗ
ഥ )ோ,஼

ට∑ (∆𝐼଴ − ∆𝐼଴
ഥ)ଶ(∆𝐼ௗ − ∆𝐼ௗ

ഥ )ଶ
ோ,஼

 
(3.5) 

Here, I0: Original image, ∆𝐼଴: High pass filtered version of I0, ∆𝐼଴
ഥ : mean of ∆𝐼଴, Id: 

Despeckled image, ∆𝐼ௗ: High pass filtered version of Id, ∆𝐼ௗ
ഥ  : mean of ∆𝐼ௗ, R, C are image 

dimensions. 

The feature/structure preservation can be adequately quantified by evaluating IQI metric [23, 

24, 172, 173] given as: 

𝐼𝑄𝐼 =
𝜎௢ௗ

𝜎௢𝜎ௗ
.

2𝑜̅𝑑̅

(𝑜̅)ଶ + (𝑑̅)ଶ
.

2𝜎௢𝜎ௗ

𝜎௢
ଶ + 𝜎ௗ

ଶ (3.6) 

Here, σod: covariance between original and despeckled image, σo: standard deviation of 

original image, σd: standard deviation of despeckled image, 𝑜̅: mean of original image, 𝑑̅: 

mean of despeckled image. 

For the differential diagnosis between benign and malignant breast ultrasound tumors, 

both the texture and shape of the tumor are important therefore an ideal despeckle filtering 

algorithm would be the one that yields higher values of both β and IQI. Therefore, in the 

present study for objective assessment of despeckle filtering algorithms, structure and edge 

preservation index (SEPI) has been considered [141], given as: 

𝑆𝐸𝑃𝐼 =
𝛽 + 𝐼𝑄𝐼

2
 (3.7) 

The traditional parameters for image quality evaluation also sometimes known as full 

reference image quality metrics, often fail to show the true performance of the despeckling 
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filters due to the absence of a noise free reference input image. In the present context, 

controlled despeckling is desired as speckle noise also represents the diagnostic information 

present in the ultrasound image therefore the true performance of despeckling filters in the 

present work has been evaluated in terms of feature/structure preservation and edge 

preservation capabilities of a particular filter which is quantified by computing SEPI.  

A despeckle filtering algorithm that yields the highest value of SEPI is considered 

optimal.  

These image quality metrics i.e. 𝛽, IQI and SEPI have been obtained using the original 

images and the corresponding despeckled images for all the 42 despeckle filtering algorithms 

and the results are summarized in the form of mean (μ) ± standard deviation (SD). 

(a) Objective assessment of local statistics based filters 

The breast ultrasound images are filtered using eight local statistics based filters yielding 

100 pre-processed images for each filter. The performance of each local statistics based filter in 

terms of SEPI value for the pre-processed images is shown in Table 3.3.  

Table 3.3 Image quality metrics (μ ± SD) computed for breast ultrasound images filtered using local statistics 
based filters. 

Quality Metrics Lee Lee Sigma Kuan Frost Lsminsc Lsmv Wiener FBL 

β 
0.79 ± 
0.07 

0.98 ± 0.04 
0.44 ± 
0.19 

0.73 ± 
0.10 

0.52 ± 
0.09 

0.78 ± 
0.07 

0.92 ± 
0.02 

0.84 ± 
0.05 

IQI 
0.99 ± 
0.00 

0.98 ± 0.04 
0.98 ± 
0.04 

0.98 ± 
0.04 

0.99 ± 
0.01 

0.99 ± 
0.00 

0.99 ± 
0.00 

0.97 ± 
0.02 

SEPI 
0.89 ± 
0.11 

0.98 ± 0.04 
0.71 ± 
0.30 

0.86 ± 
0.14 

0.76 ± 
0.24 

0.89 ± 
0.11 

0.96 ± 
0.04 

0.91 ± 
0.07 

Note: β: Beta metric, IQI: Image quality index, SEPI: Structure and edge preservation index, Lsminsc: Local 
statistics based minimum speckle index, Lsmv: Local statistics minimum variance, FBL:  Fast bilateral filter. 

From Table 3.3, it has been observed that the filters Lee Sigma and Wiener show good 

edge preservation capabilities with β > 0.90 while Lee Sigma shows highest edge preservation 

with β value 0.98 ± 0.04. The IQI value for each of these filters is above 0.95. However, it is 

observed that among all the local statistics based filters, highest value of SEPI is obtained for 

the Lee Sigma filter. 

(b) Objective assessment of fuzzy filters 

The breast ultrasound images are filtered using four fuzzy filters yielding 100 pre-

processed images for each filter. The performance of each of these fuzzy filters in terms of 

SEPI value for the pre-processed images is shown in Table 3.4.  

Table 3.4 Image quality metrics (μ ± SD) computed for breast ultrasound images filtered using fuzzy filters. 

Quality Metric TMED TMAV ATMED ATMAV 
β 0.54 ± 0.26 0.76 ± 0.15 0.90 ± 0.04 0.58 ± 0.18 
IQI 0.99 ± 0.00 0.99 ± 0.00 0.99 ± 0.01 0.98 ± 0.01 
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SEPI 0.77 ± 0.29 0.88 ± 0.16 0.95 ± 0.05 0.78 ± 0.24 

Note: β: Beta metric, IQI: Image quality index, SEPI: Structure and edge preservation index, TMED: 
Triangulation median, TMAV: Triangulation moving average, ATMED: Asymmetrical triangulation median, 
ATMAV: Asymmetrical triangulation moving average. 

From Table 3.4, it has been observed that ATMED filter results in highest edge 

preservation with β value 0.90 ± 0.04. The IQI value for each of these filters is above 0.95. 

However, it is observed that among all the fuzzy filters, highest value of SEPI is obtained for 

ATMED filter. 

(c) Objective assessment of Fourier filters 

The breast ultrasound images are filtered using four Fourier filters yielding 100 pre-

processed images for each filter. The performance of each Fourier filter in terms of SEPI value 

for the pre-processed images is shown in Table 3.5. 

Table 3.5 Image quality metrics (μ ± SD) computed for breast ultrasound images filtered using Fourier filters. 

Quality Metric FI FB HFI HFB 
β 0.99 ± 0.00 0.98 ± 0.00 0.96 ± 0.05 0.99 ± 0.00 
IQI 0.99 ± 0.00 1.00 ± 0.00 0.99 ± 0.00 0.99 ± 0.00 
SEPI 0.99 ± 0.00 0.99 ± 0.00 0.97 ± 0.06 0.99 ± 0.00 

Note: β: Beta metric, IQI: Image quality index, SEPI: Structure and edge preservation index, FI: Fourier ideal, 
FB: Fourier Butterworth, HFI: Homomorphic Fourier ideal, HFB: Homomorphic Fourier Butterworth, 

From Table 3.5, it has been observed that that all the Fourier filters show good edge 

preservation capabilities with β ≥ 0.95. The IQI value for each of these filters is above 0.95. 

However, it is observed that among all the Fourier filters, highest value of SEPI is obtained for 

FI, FB and HFB filters. 

 (d) Objective assessment of multiscale filters 

The breast ultrasound images are filtered using five multiscale filters yielding 100 pre-

processed images for each filter. The performance of each multiscale filter in terms of SEPI 

value for the pre-processed images is shown in Table 3.6. 

Table 3.6 Image quality metrics (μ ± SD) computed for breast ultrasound images filtered using multiscale 
filters. 

Quality Metric MPT IOWT BlockShrink BayesShrink NSS 
β 0.97 ± 0.00 0.98 ± 0.00 0.98 ± 0.00 0.99 ± 0.00 0.97 ± 0.00 
IQI 0.99 ± 0.00 0.98 ± 0.00 0.99 ± 0.00 1.00 ± 0.00 0.98 ± 0.00 
SEPI 0.98 ± 0.00 0.98 ± 0.00 0.98 ± 0.00 0.99 ± 0.00 0.97 ± 0.00 

Note: β: Beta metric, IQI: Image quality index, SEPI: Structure and edge preservation index, MPT: Multiscale 
product thresholding, IOWT: Inter orthonormal wavelet thresholding, NSS: NeighShrinkSure. 

From Table 3.6, it has been observed that all the multiscale filters result in good edge 

preservation with β value above 0.95. The IQI value for each of these filters is also above 0.95. 

However, it is observed that among all the multiscale filters, highest value of SEPI is obtained 

for BayesShrink filter. 

(e) Objective assessment of total variation filters 
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The breast ultrasound images are filtered using two total variation filters yielding 100 

pre-processed images for each filter. The performance of each total variation filter in terms of 

SEPI value for the pre-processed images is shown in Table 3.7.  

Table 3.7 Image quality metrics (μ ± SD) computed for breast ultrasound images filtered using total variation 
filters. 

Quality Metric TV ATV 
β 0.84 ± 0.05 0.83 ± 0.06 
IQI 0.99 ± 0.01 0.99 ± 0.00 
SEPI 0.92 ± 0.08 0.91 ± 0.09 

Note: β: Beta metric, IQI: Image quality index, SEPI: Structure and edge preservation index, TV: Total 
variation, ATV: Anisotropic total variation. 

From Table 3.7, it has been observed that both TV and ATV filters exhibit similar 

performance with almost same value of SEPI. 

 (f) Objective assessment of non-linear iterative filters 

The breast ultrasound images are filtered using twelve non-linear iterative filters yielding 

100 pre-processed images for each filter. The performance of each non-linear iterative filter in 

terms of SEPI value for the pre-processed images is shown in Table 3.8.  

Table 3.8 Image quality metrics (μ ± SD) computed for breast ultrasound images filtered using non-linear 
iterative filters. 

Quality Metric Shock Median HyMedian Homog Homo Geometric 

β 0.46 ± 0.05 0.70 ± 0.09 0.90 ± 0.03 0.62 ± 0.10 0.72 ± 0.08 0.70 ± 0.15 
IQI 0.99 ± 0.01 0.99 ± 0.01 0.99 ± 0.00 0.99 ± 0.03 0.99 ± 0.01 0.98 ± 0.02 
SEPI 0.72 ± 0.26 0.84 ± 0.15 0.95 ± 0.05 0.80 ± 0.19 0.85 ± 0.14 0.84 ± 0.17 

 

Quality Metric SRAD AD DPAD CA LS Ecasort 
β 0.89 ± 0.05 0.22 ± 0.03 0.99 ± 0.00 0.71 ± 0.12 0.32 ± 0.14 0.71 ± 0.12 
IQI 0.99 ± 0.00 0.98 ± 0.02 0.99 ± 0.00 0.99 ± 0.01 0.98 ± 0.01 0.99 ± 0.01 
SEPI 0.94 ± 0.06 0.60 ± 0.38 0.99 ± 0.00 0.85 ± 0.16 0.65 ± 0.34 0.85  ± 0.16  

Note: β: Beta metric, IQI: Image quality index, SEPI: Structure and edge preservation index, HyMedian: Hybrid 
median, Homog: Maximum homogeneity, Homo: Homomorphic, SRAD: Speckle reducing anisotropic 
diffusion, AD: Anisotropic diffusion, DPAD: Detail preserving anisotropic diffusion, CA: Linear scaling of 
gray-level values, LS: Linear scaling, Ecasort: Linear scaling and sorting. 

From Table 3.8, it has been observed that all the filters other than SRAD, DPAD and 

HyMedian result in poor edge preservation with β ≤ 0.75. SRAD and HyMedian filters exhibit 

moderate edge preservation capabilities while DPAD filter results in highest edge preservation 

with β ≥ 0.95. The IQI value for each of these filters is above 0.95. However, it is observed that 

among all the non-linear iterative filters, highest value of SEPI is obtained for the DPAD filter. 

(g) Objective assessment of non-local mean filters 

The breast ultrasound images are filtered using two non-local mean filters yielding 100 

pre-processed images for each filter. The performance of each non-local means filter in terms 

of SEPI value for the pre-processed images is shown in Table 3.9.  
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Table 3.9 Image quality metrics (μ ± SD) computed for breast ultrasound images filtered using non-local mean 
filters. 

Quality Metric OBNLM PPB 
β 0.90 ± 0.02 0.71 ± 0.10 
IQI 0.94 ± 0.05 0.98 ± 0.01 
SEPI 0.92 ± 0.04 0.85 ± 0.15 

Note: β: Beta metric, IQI: Image quality index, SEPI: Structure and edge preservation index, OBNLM: 
Optimized Bayesian non-local means, PPB: Probabilistic patch based. 

From Table 3.9, it has been observed that OBNLM filter results in better edge 

preservation than the PPB filter. The IQI value for both these filters is above 0.90. However, it 

is observed that among all the non-local mean filters, highest value of SEPI is obtained for the 

OBNLM filter. 

(h) Objective assessment of hybrid filters 

The breast ultrasound images are filtered using five hybrid filters yielding 100 pre-

processed images for each filter. The performance of each hybrid filter in terms of SEPI value 

for the pre-processed images is shown in Table 3.10.  

Table 3.10 Image quality metrics (μ ± SD) computed for breast ultrasound images filtered using hybrid filters. 

Quality Metric HyTMED HyTMAV HyATMED HyATMAV GW 
β 0.62 ± 0.27 0.75 ± 0.16 0.84 ± 0.05 0.29 ± 0.11 0.70 ± 0.17 
IQI 0.99 ± 0.00 0.99 ± 0.00 0.99 ± 0.00 0.98 ± 0.06 0.98 ± 0.01 
SEPI 0.81 ± 0.26 0.87 ± 0.16 0.92 ± 0.08 0.64 ± 0.35 0.84 ± 0.18 

Note: β: Beta metric, IQI: Image quality index, SEPI: Structure and edge preservation index, HyTMED: 
Hybrid triangulation median, HyTMAV: Hybrid triangulation moving average, HyATMED: Hybrid 
asymmetrical triangulation median, HyATMAV: Hybrid asymmetrical triangulation moving average, GW: 
Geometric wiener. 

From Table 3.10, it has been observed that HyATMED filter results in best edge 

preservation as compared to other filters with β value 0.84 ± 0.05. The IQI value for each of 

these filters is above 0.95. However, among all the hybrid filters, highest value of SEPI is 

obtained for HyATMED filter. 

3.2.3.2. Best performing despeckle filtering algorithms based on objective assessment 

Based on the objective assessment of all the 42 despeckle filtering algorithms, 

comparative analysis of the filters yielding highest value of SEPI from each filter category is 

shown in Table 3.11. 

Table 3.11 Comparative analysis of despeckle filtering algorithms yielding highest value of SEPI from each 
filter category. 

Filter Category Filter Highest value of SEPI 
Local statistics based filters Lee Sigma 0.98 ± 0.04 
Fuzzy filters ATMED 0.95 ± 0.05 

Fourier filters 
FI 0.99 ± 0.00 
FB 0.99 ± 0.00 

HFB 0.99 ± 0.00 
Multiscale filters BayesShrink 0.99 ± 0.00 
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Total variation filters TV 0.92 ± 0.08 
Non-linear iterative filters DPAD 0.99 ± 0.00 
Non-local mean filters OBNLM 0.92 ± 0.04 
Hybrid filters HyATMED 0.92 ± 0.08 

Note: SEPI: Structure and edge preservation index, ATMED: Asymmetrical triangulation median, FI: Fourier 
ideal, FB: Fourier Butterworth, HFB: Homomorphic Fourier Butterworth, TV: Total variation, DPAD: Detail 
preserving anisotropic diffusion, OBNLM Optimized Bayesian non-local means, HyATMED: Hybrid 
asymmetrical triangulation median. 

From Table 3.11, it has been observed that out of the 42 despeckle filtering algorithms 

belonging to 08 categories, the 06 despeckle filtering algorithms belonging to 04 categories 

achieve highest value of SEPI (>0.95) and have been considered optimal for edge, 

feature/structure preservation. The despeckled images obtained from these 06 best performing 

despeckle filtering algorithms have been used for further assessment. The best performing 

despeckle filtering algorithms are Lee Sigma, FI, FB, HFB, BayesShrink and DPAD. 

3.2.3.3.  Subjective assessment of despeckle filtering algorithms  

The 100 pre-processed breast ultrasound images obtained from the 06 best performing 

despeckle filtering algorithms based on the SEPI value as highlighted in Table 3.11 have been 

considered for further analysis for subjective assessment by the radiologist. The protocols 

followed by the radiologist for grading the images are (a) Tumor delineation: The tumor should 

be clearly distinguishable in the despeckled image, (b) Boundary of the tumor: The 

boundary/shape characteristics of the tumor should be clearer after despeckling, (c) Texture of 

the region inside tumor: The texture of the region inside tumor should be same after 

despeckling as in original image i.e. no blocking or echoes should be introduced after 

despeckling, (d) Blurring in the image: There should be no blurring of the image as it reduces 

the visual quality and (e) Texture of the region outside the tumor: The appearance of the 

surrounding breast tissue should be nearly same after despeckling as in original image.  

Based on the visual assessment of the despeckled image in comparison to the original 

image in accordance with the above protocols, a grade is assigned to each despeckled image 

from 1 to 5 (here 1 denotes poor image quality and 5 denotes high image quality). Each factor 

described above carries a weightage of 1 point. The grades are assigned to an image based on 

the number of factors being met e.g. if an image has a grade of 1 it means out of the above 5 

factors only one factor has been met satisfactorily for majority of the images. Due to the fuzzy 

nature of images, it might be possible that some of the factors have been fully met while one of 

the factors has been partially met hence intermediate grading has been assigned to some filters. 

3.2.3.4.  Optimal despeckle filtering algorithm based on subjective assessment 
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Based on the grades assigned by the radiologist, the final grade is obtained as the average 

of the grades given to all the 100 (40 benign and 60 malignant) pre-processed images. The final 

average grade obtained for each filter is tabulated in Table 3.12. 

Table 3.12 Grading obtained for best performing despeckle filtering algorithms. 

Despeckle filtering algorithm Grade assigned 
Lee Sigma filter 1 
FI filter 3 
FB filter 3.5 
HFB filter 3 
BayesShrink filter 4 
DPAD filter 4.5 

Note: FI: Fourier ideal, FB: Fourier Butterworth, HFB: Homomorphic Fourier Butterworth, DPAD: Detail 
preserving anisotropic diffusion 

From Table 3.12, it has been observed that despeckled images obtained from the filters 

BayesShrink and DPAD are clinically acceptable while the images obtained from the Lee 

Sigma filter are not acceptable in clinical practice. 

3.2.3.5.  Inter-observer and intra-observer variability 

Out of the 42 despeckle filtering algorithms, the 06 best performing despeckle filtering 

algorithms have been selected for grading by radiologist. For grading of the images, the 

radiologist had to analyse a total of 600 pre-processed images (100 images × 6 despeckling 

methods = 600 processed images) with respect to 05 parameters (i.e. tumor delineation, 

boundary of the tumor, texture of region inside the tumor, blurring in the image, texture of the 

region outside the tumor) in each image with respect to corresponding original images under 

the same ambient lighting conditions and display settings. So in a way the effect of intra-

observer variability has been reduced by keeping the same settings [35]. For inter-observer 

variability, the opinion of more than one radiologist is required under same settings.  Since in 

the present work the number of processed images as well as the parameters required to be 

analysed in each image were quite large, only one radiologist has been consulted. Also, the 

inter-observer variability also depends upon the experience of the participating radiologists. In 

our case the participating radiologist had rich experience for analysing breast sonographs. 

3.3. Concluding Remarks 

From the objective and subjective assessment carried out for the performance evaluation 

of despeckle filtering algorithms it has been observed that on the basis of objective assessment, 

six despeckle filtering algorithms are considered to be best performing while on the basis of 

subjective assessment, out of the 06 best despeckle filtering algorithms, only two despeckle 

filtering algorithms yield comparable performance. 
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A comparative analysis of the obtained results for objective and subjective assessment of 

despeckle filtering algorithms for breast ultrasound images is shown in Table 3.13. 

Table 3.13 Comparative analysis of the obtained results for objective and subjective assessment of despeckle 
filtering algorithms for breast ultrasound images 

Despeckle filtering algorithm 
Assessment results 

Objective assessment 
(Highest value of SEPI) 

Subjective assessment 
(Radiologist’s Grading) 

Lee Sigma filter 0.98 ± 0.04 1 
FI filter 0.99 ± 0.00 3 
FB filter 0.99 ± 0.00 3.5 
HFB filter 0.99 ± 0.00 3 
BayesShrink filter 0.99 ± 0.00 4 
DPAD filter 0.99 ± 0.00 4.5 

Note: SEPI: Structure and edge preservation index, FI: Fourier ideal, FB: Fourier Butterworth, HFB: 
Homomorphic Fourier Butterworth, DPAD: Detail preserving anisotropic diffusion. 

Based on the results obtained by exhaustive experimentation carried out in the present 

work for objective and subjective analysis of despeckle filtering algorithms for controlled 

despeckling of breast ultrasound images, it has been concluded that the DPAD filter produces 

more clinically acceptable images while reducing noise and simultaneously enhancing the 

diagnostic information. 

For the correct diagnosis of breast tumors, the shape of the tumors is equally important as 

is the texture. For the correct quantification of shape information, it is necessary that the tumor 

region should be adequately segmented from the breast ultrasound images. The speckle noise 

sometimes tends to mask the important diagnostic information in ultrasound images and this 

might affect the subjective analysis of the radiologist as well as performance of various 

computer-assisted algorithms. An ideal despeckle filtering algorithm suppress the speckle noise 

from the homogeneous areas by retaining the edges thereby preserving features/structures of 

the image. This implies that the shape information of the tumor region should be enhanced after 

the application of the despeckle filtering algorithms. Therefore, to observe the effect of 06 best 

performing despeckle filtering algorithms on the performance of segmentation of breast tumors 

from ultrasound images is taken up as the next objective in the present work and discussed in 

detail in Chapter 4. 
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Chapter 4 

Effect of Despeckle Filtering Algorithms on 
Segmentation of Breast Tumors 

4.1. Introduction  

Diagnosis of breast cancer at an early stage is very critical for improving the mortality 

rate among women as this helps in timely treatment options and patient care [13, 36, 267, 204]. 

For the correct diagnosis of breast tumors, the texture and morphological information exhibited 

by the tumor is considered clinically significant. For the quantification of morphological 

characteristics, it is necessary that the tumor region should be efficiently segmented from the 

breast ultrasound images. It has been observed that speckle noise sometimes masks the 

diagnostic information of the images thus affecting the performance of various computer-

assisted algorithms used for the analysis of breast tumors.  

It has also been stated that an ideal despeckle filtering algorithm should retain edges 

while smoothing the homogeneous areas thereby preserving features/structure of the image, it 

means that the shape information of the tumor region should be enhanced after the application 

of despeckle filtering algorithms. Therefore various attempts have been made by the 

researchers to assess the effect of different filtering algorithms on the segmentation and 

classification performance and the researchers have also attempted to find suitable despeckle 

filtering algorithms that could be used for efficient segmentation of the breast ultrasound 

images [58, 69, 70, 205]  

Elawady et al. [69] compared the performance of 03 different filtering methods namely 

frost, DPAD and PPB taken from 03 filter categories namely local statistics based filter, non-

linear iterative filters and non-local mean filter for the segmentation performance of breast 

ultrasound images using two segmentation techniques, quick shift (QS) and normalized cut 

(NCut). The segmentation performance has been compared on the basis of dice similarity 

coefficient, Jaccard index (JI) and sensitivity.  

Cristerna et al. [58] evaluated the performance of 20 pre-processing algorithms formed as 

a combination of 05 contrast enhancement methods and 04 despeckle filtering algorithms taken 

from the non-linear iterative filter category. The resultant filtered images were then subjected to 

segmentation by using the watershed transform. The segmentation accuracy was quantified on 

the basis of JI.   
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Feng et al. [70] compared the effect of 08 despeckle filtering algorithms taken from 04 

filtering categories on the segmentation accuracy of breast tumors using fuzzy C-means 

algorithm. The performance was measured on the basis of averaged radical error (ARE). 

In the present work, the 06 best performing despeckle filtering algorithms namely Lee 

sigma, BayesShrink, detail preserving anisotropic diffusion (DPAD), Fourier ideal (FI), Fourier 

Butterworth (FB) and Homomorphic Fourier Butterwort (HFB) filters chosen on the basis of 

objective assessment based on highest value of structure and edge preservation index (SEPI) 

have been considered for analysing the effect of despeckle filtering algorithms on the 

segmentation of breast tumors [141].  

4.2. Experimental Workflow: Effect of Despeckle Filtering Algorithms 
on Segmentation of Breast Tumors  

The experimental workflow followed for analysing the effect of best performing 

despeckle filtering algorithms on the segmentation of breast tumors is given in Fig. 4.1. 

 

Fig. 4.1 Experimental workflow followed for analysing the effect of best performing despeckle filtering 
algorithms on the segmentation of breast tumors. 
Note: SEPI: Structure and edge preservation index, FI: Fourier ideal, FB: Fourier Butterworth, HFB: 
Homomorphic Fourier Butterworth, DPAD: Detail preserving anisotropic diffusion. 
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Both original images and the images despeckled by the 06 best performing despeckle 

filtering algorithms have been subjected to Chan and Vese active contour method [37] for 

delineating the tumor boundary. The segmentation performance has been assessed on the basis 

of objective evaluation by computing the Jaccard index and subjective evaluation by the 

participating radiologist. The segmentation performance has been tested individually for benign 

and malignant tumors. 

4.2.1. Dataset Description 

For carrying out the present work, dataset described in section 3.2.1 of Chapter 3 has 

been used as presented in Fig. 3.2. The entire image dataset was stored on a 64-bit windows 10 

PC with Intel (R) Core (TM) i3-5005U, 2.00 GHz processor and 4.00 GB RAM and the 

experiments have been conducted using MATLABR2015b. 

4.2.2. Despeckling module 

Speckle noise affects the image quality by masking the detailed structures in the image 

which are diagnostically important thereby affecting the radiologist’s visual interpretation. It is 

important to carefully remove speckle from the medical images so that the image interpretation 

as well as accuracy of computer assisted algorithms can be improved [69, 58, 70, 139, 172, 

205, 249]. In the present research work, the ultrasound images have been despeckled using 06 

best performing despeckle filtering algorithms namely Lee sigma filter [155], BayesShrink 

filter [320], DPAD filter [3], FI filter [184], FB filter [184], HFB filter [184]. These filters have 

been selected on the basis of the objective evaluation (highest value of SEPI) as discussed in 

Chapter 3. 

4.2.3. Segmentation module 

In segmentation, a desired region of interest (ROI) is extracted from an image with the 

help of an automatic or semi-automatic algorithm. The segmentation techniques have been used 

in case of breast ultrasound images to alienate the tumors from the background [143].  

4.2.3.1. Chan and Vese active contour method 

Active contour method and its variants have been a popular choice for segmenting the 

breast ultrasound images [33, 52, 59, 61, 77, 84, 170, 112, 121, 164, 179, 244]. Accordingly in 

the present work, Chan and Vese active contour method [37] has been used for segmenting the 

breast ultrasound images.  

The Chan and Vese active contour model was typically used to segment objects that did 

not have well-defined boundaries and for which the classical active contour model was not 

applicable. This model is based on level sets that iteratively evolve to minimize an energy 

function. This energy function is defined by sum of differences in intensity from the average 
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value outside the segmented region, the sum of differences in intensity from the average value 

inside the segmented region, and a term which is dependent on the length of the boundary of 

the segmented region. The model begins with an initial contour that evolves according to the 

level set method and stops on the desired boundaries of the foreground region. 

For an image u0, let there be a curve C in image space Ω, the energy function to be 

minimized is given as: 

𝐹(𝑐ଵ, 𝑐ଶ, 𝐶) = 𝜇𝐿(𝐶) + 𝜈𝐴൫𝑖𝑛(𝐶)൯

+ 𝜆ଵ න |𝑢଴(𝑥, 𝑦) − 𝑐ଵ|ଶ

 

௜௡ (஼)

𝑑𝑥𝑑𝑦 + 𝜆ଶ න |𝑢଴(𝑥, 𝑦) − 𝑐ଶ|ଶ

 

௢௨௧ (஼)

𝑑𝑥𝑑𝑦 

 

(4.1) 

where, c1, c2  are average intensity levels inside and outside contour C. 

For level set formulation, C   can be represented by zero level set of Lipschitz function.  

𝐶 = {(𝑥, 𝑦) ∈  Ω: 𝜙(𝑥, 𝑦) = 0} 
𝑖𝑛(𝐶) = {(𝑥, 𝑦) ∈  Ω: 𝜙(𝑥, 𝑦) > 0} 

𝑜𝑢𝑡(𝐶) = {(𝑥, 𝑦) ∈  Ω: 𝜙(𝑥, 𝑦) < 0} 
(4.2) 

Introducing a Dirac measure and Heaviside function H,  

𝐿{𝜙 = 0} = න 𝛿൫𝜙(𝑥, 𝑦)൯|∇𝜙(𝑥, 𝑦)|𝑑𝑥𝑑𝑦

 

ஐ

 

𝐴{𝜙 ≥ 0} = න 𝐻(𝜙(𝑥, 𝑦))𝑑𝑥𝑑𝑦

 

ஐ

 

(4.3) 

Intensity terms are given as: 

∫ |𝑢଴(𝑥, 𝑦) − 𝑐ଵ|ଶ 

௜௡ (஼)
𝑑𝑥𝑑𝑦 = ∫ |𝑢଴(𝑥, 𝑦) − 𝑐ଵ|ଶ 

థவ଴
𝑑𝑥𝑑𝑦 

= ∫ |𝑢଴(𝑥, 𝑦) − 𝑐ଵ|ଶ 

ஐ
𝐻(𝜙(𝑥, 𝑦))𝑑𝑥𝑑𝑦 

 
∫ |𝑢଴(𝑥, 𝑦) − 𝑐ଶ|ଶ 

௢௨௧ (஼)
𝑑𝑥𝑑𝑦 = ∫ |𝑢଴(𝑥, 𝑦) − 𝑐ଶ|ଶ 

థழ଴
𝑑𝑥𝑑𝑦 

= ∫ |𝑢଴(𝑥, 𝑦) − 𝑐ଶ|ଶ 

ஐ
(1 − 𝐻(𝜙(𝑥, 𝑦)))𝑑𝑥𝑑𝑦 

(4.4) 

The minimization can be solved by alternately updating c1, c2, . For a fixed vale of , c1 and c2 

are given as:  

𝑐ଵ(𝜙) =
∫ 𝑢଴(𝑥, 𝑦)𝐻൫𝜙(𝑥, 𝑦)൯𝑑𝑥𝑑𝑦 

 

ஐ

∫ 𝐻൫𝜙(𝑥, 𝑦)൯𝑑𝑥𝑑𝑦 
 

ஐ

 

𝑐ଶ(𝜙) =
∫ 𝑢଴(𝑥, 𝑦) ቀ1 − 𝐻൫𝜙(𝑥, 𝑦)൯ቁ 𝑑𝑥𝑑𝑦 

 

ஐ

∫ ቀ1 − 𝐻൫𝜙(𝑥, 𝑦)൯ቁ 𝑑𝑥𝑑𝑦 
 

ஐ

 

(4.5) 

The above terms are combined to form the energy function F in terms of  and this energy 

function is then minimized using gradient descent method as explained in [37].  

For implementation purposes, the user provided parameters are the initial level set 

function (mask) and the length parameter which is not same in all the images and depends on 

the size of the tumor to be detected. In the present work the initial rectangular bounding box 
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(mask) was inputted based on the contour marking by the participating radiologist and the 

number of iterations (length) was varied from 80 to 250. The stopping criterion for 

segmentation is to maximize the overlap between the segmented tumor contour and the contour 

marked by the radiologist.  

The true boundary of 104 breast tumors (43 benign, 61 malignant) from 100 breast 

ultrasound images have been delineated in the presence of experienced radiologist using Image 

J software [117]. The sample benign and malignant images indicating the results of 

segmentation are given in Fig. 4.2 and Fig. 4.3, respectively. 

 

Fig. 4.2 Segmentation of benign tumor from breast ultrasound images (a) Original image indicating tumor 
boundary marked by the radiologist, (b) Original image indicating tumor boundary obtained after segmentation, 
(c) Despeckled image using Lee Sigma filter indicating tumor boundary obtained after segmentation, (d) 
Despeckled image using FI filter indicating tumor boundary obtained after segmentation, (e) Despeckled image 
using FB filter indicating tumor boundary obtained after segmentation, (f) Despeckled image using HFB filter 
indicating tumor boundary obtained after segmentation, (g) Despeckled image using BayesShrink  filter 
indicating tumor boundary obtained after segmentation, (h) Despeckled image using DPAD filter indicating 
tumor boundary obtained after segmentation. 

4.2.4. Evaluating the effect of best despeckle filtering algorithms on segmentation of 
breast tumors 
4.2.4.1. Objective assessment of segmentation of breast tumors 

The assessment of the effect of 06 best performing despeckle filtering algorithms on the 

segmentation of breast tumors has been carried out objectively and subjectively. The objective 

assessment has been done on the basis of Jaccard index and the subjective assessment is carried 

out by the experienced participating radiologist with respect to the clinical acceptability of the 

tumor images.  

The efficacy of the segmentation algorithm has been objectively calculated using the area 

overlap between the original tumor contour marked by a radiologist and the tumor contour 
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obtained as a result of applying segmentation algorithm. The area overlap is calculated using 

Jaccard index (JI) (also referred to as overlap or similarity) [33, 52, 69] given as: 

𝐽𝑎𝑐𝑐𝑎𝑟𝑑 𝑖𝑛𝑑𝑒𝑥 (𝐽𝐼) =
𝐴ீ ∩ 𝐴௦

𝐴ீ ∪ 𝐴௦
× 100 (4.6) 

Here, AG : Area of the ground truth image (marked by radiologist), AS : Area of the 

segmented image 

 

 

Fig. 4.3 Segmentation of malignant tumor from breast ultrasound images (a) Original image indicating tumor 
boundary marked by the radiologist, (b) Original image indicating tumor boundary obtained after segmentation, 
(c) Despeckled image using Lee Sigma filter indicating tumor boundary obtained after segmentation, (d) 
Despeckled image using FI filter indicating tumor boundary obtained after segmentation, (e) Despeckled image 
using FB filter indicating tumor boundary obtained after segmentation, (f) Despeckled image using HFB filter 
indicating tumor boundary obtained after segmentation, (g) Despeckled image using BayesShrink  filter 
indicating tumor boundary obtained after segmentation, (h) Despeckled image using DPAD filter indicating 
tumor boundary obtained after segmentation. 

The segmentation results in terms of Jaccard index obtained from original tumor images 

and the tumor images obtained from images despeckled by 06 best performing despeckle 

filtering algorithms are shown in Table 4.1. 

The Table 4.1 indicates maximum, minimum and average values of Jaccard index for 

benign and malignant classes for both original tumor images and tumor images obtained from 

images despeckled by 06 best performing despeckle filtering algorithms. 

Table 4.1 Values of Jaccard index obtained from original tumor images and the tumor images obtained from 
images despeckled by 06 best performing despeckle filtering algorithms. 

Image 
Jaccard Index (%) 

Class Max. Value Min. Value Avg. Value 

Original images* 
Benign 94.17 66.30 84.04 

Malignant 90.42 47.24 75.47 

Despeckled images using Lee Sigma filter 
Benign 94.02 58.22 84.21 

Malignant 91.28 42.69 76.14 

Despeckled images using FI filter Benign 93.48 59.85 83.99 
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Malignant 90.17 42.77 76.04 

Despeckled images using FB filter 
Benign 93.41 59.36 83.75 

Malignant 89.96 42.77 75.97 

Despeckled images using HFB filter 
Benign 93.41 58.37 83.25 

Malignant 89.87 43.77 75.98 

Despeckled images using BayesShrink filter 
Benign 93.82 57.05 84.09 

Malignant 91.17 42.77 76.19 

Despeckled images using DPAD filter 
Benign 94.17 59.25 84.22 

Malignant 91.74 47.17 76.23 

Note: Max.: Maximum value, Min.: Minimum value, Avg.: Average value, FI: Fourier ideal, FB: Fourier 
Butterworth, HFB: Homomorphic Fourier Butterworth, DPAD: Detail preserving anisotropic diffusion 
*Segmentation results obtained using tumor contours marked by radiologist in original images and tumor 
contours obtained by segmentation process in original images. 

However, in malignant cases a marginal increase in average value of Jaccard index has 

been observed. The reasons of not obtaining nearly 100% Jaccard index value are (a) the 

margins of the lesions are highly spiculated and irregular. (b) The speckle noise is inherent in 

ultrasound imaging due to which sometimes the diagnostic information is buried inside the 

speckle noise. (c) Sometimes the application of despeckle filtering algorithm may adversely 

affect the texture of the region inside and outside the tumor.   

Keeping in view the above points, the subjective analysis also plays a crucial role to 

analyse the clinical acceptability of segmented tumor images.  It has also been observed that 

even though the Fourier filters obtained higher values of JI in comparison to original images, 

the performance has degraded in case of benign images while the other three filters have shown 

improvement in the JI value for both benign and malignant cases. Therefore, the segmented 

tumor images of the three filters (shaded in gray in Table 4.1) were shown to the participating 

radiologist for further subjective assessment in terms of the clinical acceptability of the 

segmented tumor images. 

4.2.4.2.  Subjective assessment of segmentation of breast tumors (Clinical validation by 
participating radiologist) 

The participating radiologist opined that (a) in the images despeckled by DPAD filter the 

boundary/margins of the tumor have been preserved/sharpened without affecting the texture of 

the tumor and without introducing any blocking effect, (b) as the margin characteristics are 

more ill-defined in malignant cases so the marginal increase in Jaccard index for malignant 

cases (as witnessed in images filtered by DPAD, BayesShrink and Lee Sigma filters) is also 

clinically significant in comparison to benign cases, (c) even though Lee Sigma filtered output 

is also giving higher value of Jaccard index for malignant cases, a blocking effect has been 

introduced in the images which is undesirable so these segmented tumor images are not 

clinically acceptable. Sample images belonging to benign and malignant classes indicating 
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tumor boundary marked by radiologist and obtained after segmentation are given in Fig. 4.4 for 

original images and despeckled images. 

It has been observed from Fig. 4.4, that the value of Jaccard index has improved after the 

application of despeckle filtering algorithms for both benign and malignant images.  

 

 

Fig. 4.4 Sample breast ultrasound images indicating tumor boundary marked by radiologist (red) and tumor 
boundary obtained using segmentation algorithm (green). (a) Benign ultrasound image, (b) Malignant 
ultrasound image. 
Note: JI: Jaccard index, DPAD: Detail preserving anisotropic diffusion. 

Therefore, according to clinical acceptability criteria as assessed by the participating 

radiologist, the segmented tumor images yielded by the images despeckled using the DPAD 

filter are better in terms of clinical acceptability in comparison to other segmented tumor 

images yielded by BayesShrink and Lee sigma filter.   
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A comparative analysis of the obtained results for assessment of 06 best performing 

despeckle filtering algorithms for breast ultrasound images on the basis of segmentation is 

shown in Table 4.2. 

Table 4.2 Comparative analysis of best performing despeckle filtering algorithms for breast ultrasound images 
on the basis of segmentation. 

Images 
Assessment results 

Objective Assessment  
(Jaccard Index*) 

Subjective Assessment 
(Radiologist’s Opinion) 

Original images 
Benign= 84.04 % 

Malignant= 75.47 % 
The participating radiologist was of the opinion 
that (a) The diagnostic information in US images 
is masked because of inherent speckle noise and 
the image despeckled by DPAD filter has been 
able to sharpen/retain the boundary/margins of the 
tumor without effecting the texture of the tumor 
and without introducing any blocking effect. (b) 
As the margin characteristics are more ill-defined 
in malignant cases so the increase in Jaccard 
index for malignant cases (as witnessed in images 
filtered by DPAD, BayesShrink and Lee Sigma 
filter) is more clinically significant in comparison 
to benign cases. (c) Lee Sigma filtered output is 
also giving higher value of Jaccard index for 
malignant cases but introducing blocking effect. 

Despeckled images using Lee 
Sigma filter 

Benign= 84.21 % 
Malignant= 76.14 % 

Despeckled images using  FI 
filter 

Benign= 83.99% 
Malignant= 76.04 % 

Despeckled images using FB 
filter 

Benign= 83.75 % 
Malignant= 75.97 % 

Despeckled images using HFB 
filter 

Benign= 83.25 % 
Malignant= 75.98 % 

Despeckled images using 
BayesShrink filter 

Benign= 84.09 % 
Malignant=  76.19 % 

Despeckled images using 
DPAD filter 

Benign= 84.22 % 
Malignant=  76.23 % 

Note: *Average value of Jaccard index, FI: Fourier ideal, FB: Fourier Butterworth, HFB: Homomorphic 
Fourier Butterworth, DPAD: Detail preserving anisotropic diffusion. 

The results obtained for both objective and subjective assessment of despeckle filtering 

algorithms for segmentation of breast tumors from ultrasound images indicate that the 

ultrasound images filtered using DPAD filter give better segmentation results and are more 

clinically acceptable. 

4.3. Concluding Remarks 

Based on the results obtained by exhaustive experimentation carried out in the present 

work for objective and subjective analysis of despeckle filtering algorithms for the 

segmentation of breast tumors, it has been noted that the maximum average Jaccard index value 

has been obtained for images despeckled by DPAD filter. The participating radiologist opined 

that the DPAD filter retains the tumor boundary/margin without distorting the texture of the 

tumor region in contrast to the Lee sigma filter that even though attained a similar Jaccard 

index value for the malignant tumors introduced a blocking effect in the images. Thus based on 

both objective and subjective assessment, it has been concluded that DPAD filter yields 

controlled despeckling of the ultrasound images thus retaining the boundary/margins of the 

tumor, resulting in better tumor segmentation.  
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Due to presence of speckle noise and highly overlapping sonographic appearances of the 

breast ultrasound tumors the differential diagnosis using conventional gray-scale B-mode 

ultrasound images is sometimes considerably difficult for experienced radiologists. As 

discussed earlier, the application of an optimal despeckle filtering algorithm results in the 

increase in efficiency of the computer-assisted algorithms, therefore the analysis of the effect of 

06 best performing despeckle filtering algorithms on the classification of breast tumors is taken 

as the next objective of the present research work and is discussed in Chapter 5. 
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Chapter 5 

Effect of Despeckle Filtering Algorithms on 
Classification of Breast Tumors 

5.1. Introduction 

The visual quality of ultrasound images is an important factor to effectively diagnose any 

abnormality present in the body structure. Therefore controlled despeckle filtering i.e. 

smoothing of homogeneous areas with edge/structure preservation in the images is desired. 

Accordingly, there is an increasing interest among the research community to design different 

computer aided diagnostic (CAD) systems using various artificial intelligence based techniques 

for characterization of breast ultrasound images [58, 62, 90, 162, 218, 253, 264, 273, 285, 298, 

310].  

It has been noted from the exhaustive survey of literature that the studies conducted for 

classifying breast tumors have either considered only original images or only pre-processed 

images for analysis using different features. As both texture and morphological features are 

considered important for the characterization of breast abnormalities, the studies using both 

texture and morphological features extracted from either raw or pre-processed images have 

been exhaustively surveyed in the present research work. 

Cristerna et al. [58] analysed the effect of the application of 20 pre-processing algorithms 

on the classification of breast tumors using Fischer linear discriminant analysis (FLDA) 

classifier and texture and morphological, features computed from breast tumor ultrasound 

images segmented by watershed transform. The study reported an accuracy of 84.0 % using 

images pre-processed by fuzzy enhancement followed by interference based speckle filter.  

Verma et al. [273] used different statistical, Laws’ and fractal based texture features in 

combination with morphological features for classification of 188 breast tumor ultrasound 

images using support vector machine (SVM) classifier. The study reported an accuracy of 

86.2 % using an optimal feature set obtained by using majority voting technique on different 

selected features obtained by applying various filter and wrapper based methods of feature 

selection. 

Daoud et al. [62] reported an accuracy of 98.2 % using SVM classifier and a feature set 

formed by combining gray level co-occurrence matrix (GLCM) based texture features and 

morphological features computed from multiple non-overlapping ROIs. The study has been 

carried out on a set of 110 breast ultrasound images. 
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Bhusri et al. [21] computed First order statistics (FOS) based texture features and 

morphological features for classification of 172 breast tumor ultrasound images using SVM 

classifier and reported an accuracy of 89.6 %. 

Zakeri et al. [310] computed correlation based texture features and morphological 

features from the breast tumor ultrasound images segmented using geodesic active contour 

method for classification of 80 tumors using SVM classifier and reported an accuracy of 

95.0 %. 

Wu et al. [285] computed a set of autocovariance based texture features and 

morphological features from tumor images pre-processed by anisotropic diffusion (AD) filter, 

stick method and thresholding and segmented by level set method. The study was carried out 

on 110 images using genetic algorithm (GA) for feature selection and SVM for classification 

and reported an accuracy of 95.2 %. 

Prabusankarlal et al. [218] used non-local means (NLM) filtered breast ultrasound images 

segmented by Fuzzy C-means clustering for classification of 120 breast tumors images using 

statistical texture features and Markov random field (MRF) based features along with 

morphological features. The study reported the classification accuracy of 95.8 % using SVM 

classifier. 

Singh et al. [253] proposed a fuzzy cluster based neural network model, for classification 

of 178 breast ultrasound images pre-processed using wavelet based despeckle filter. From the 

extracted regions of interest (ROIs), a set of different texture and morphological features have 

been computed which has further been reduced by using majority voting applied to features 

selected by different filter and wrapper based methods of feature selection. The proposed 

classification system achieved an accuracy of 94.1 %.   

The present research work is different from the other related works as a hybrid approach 

of classification has been tested by utilizing both original and despeckled images [142] while 

the previous related studies have been carried out either on original images only or on pre-

processed images only. 

5.2. Experimental Workflow : Effect of Despeckle Filtering Algorithms 
on Classification of Breast Tumors 

The experimental workflow followed for analysing the effect of best performing 

despeckle filtering algorithms on classification of breast tumors is given in Fig. 5.1. 

An attempt has been made to efficiently classify the breast tumors using a combination of 

texture and morphological features computed from original as well despeckled ultrasound 

images. 
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Fig. 5.1 The experimental workflow followed for analysing the effect of best performing despeckle filtering 
algorithms on classification of breast tumors.    The shaded grey region indicates the optimal CAD system 
design for classification of breast tumors based on texture features computed from original images and 
morphological features computed from images despeckled using DPAD filter. 
Note: O: Original image, D: Despeckled image, TFS: Texture feature set, MFS: Morphological feature set, 
CFS: Combined feature set, PCA: Principal component analysis, RFS: Reduced feature set, SVM: Support 
vector machine. 

Four different experiments have been carried out in the present work namely, (a) Existing 

approach-1: Design of PCA-SVM based CAD system using texture and morphological features 

computed from original images. (b) Existing approach-2: Design of PCA-SVM based CAD 
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system using texture features and morphological features computed from despeckled images. 

(c) Hybrid approach-1: Design of PCA-SVM based CAD system using texture features 

computed from original images and morphological features computed from despeckled images. 

(d) Hybrid approach-2: Design of PCA-SVM based CAD system using texture features 

computed from despeckled images and morphological features computed from original images. 

5.2.1. Dataset description 

For carrying out the experiments in the present work, dataset described in section 3.2.1 of 

Chapter 3 has been used as presented in Fig. 3.2.  The entire image dataset was stored on a 64-

bit windows 10 PC with Intel (R) Core (TM) i3-5005U, 2.00 GHz processor and 4.00 GB RAM 

and the experiments have been conducted using MATLABR2015b. 

5.2.2. Despeckling module 

In the present work, the ultrasound images have been pre-processed by using 06 best 

performing despeckle filtering algorithms obtained in section 3.2.3.2 of Chapter-3 namely Lee 

sigma filter, BayesShrink filter, detail preserving anisotropic diffusion (DPAD) filter, Fourier 

ideal (FI) filter, Fourier Butterworth (FB) filter and Homomorphic Fourier Butterworth (HFB) 

filter.  

5.2.3. Segmentation module 

In the present work, to segment the breast tumors from original images and despeckled 

images, the Chan and Vese active contour method [37] has been used as described in Chapter-

4.  

5.2.4. Feature extraction module 

In feature extraction module, visual information in an image is converted into 

mathematical descriptors. These mathematical descriptors are either based on intensity 

distribution i.e. texture features or based on shape of the tumor i.e. morphological features or 

based on the colour information. Based on the type of tissue under examination different 

features are considered diagnostically important e.g. for analysing the ultrasound images of the 

breast tissue, radiologists consider both texture as well as shape of the tumors [21, 58, 62, 90, 

190, 218, 253, 264, 270, 273, 285, 310] has been used for characterization.   

Although different ultrasound machines/settings produce ultrasound images with 

different resolutions, sufficient evidence is present in the literature highlighting the fact that the 

size of the region of interest must be at least 800 pixels to provide a good sampling distribution 

for computing reliable statistics [130]. 
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In the present work, based on the exhaustive literature review and also as opined by the 

participating radiologist both the texture and morphological features are considered significant 

for differential diagnosis between benign and malignant tumors [58, 62, 90, 190, 218, 253, 264, 

270, 273, 285, 310]. It has been observed that different methods of texture feature extraction 

like statistical methods, spatial filtering based methods and transform domain based methods 

combined with conventional morphological features have widely been used [43, 62, 158, 161, 

186, 190, 191, 193, 209, 224, 251, 264, 270, 273, 281, 301]. Accordingly in the present work, 

initially a large feature vector consisting of texture features computed using statistical methods, 

spatial filtering based methods and transform domain based methods combined with 

conventional morphological features has been considered for analysis to design an efficient 

CAD system for classification of breast tumors. The different features computed in the present 

work are given in Fig. 5.2. 

 

Fig. 5.2 Different features computed in the present work. 
Note: TR: Rotation invariant texture image, std: Standard deviation, TFS: Texture feature set, MFS: 
Morphological feature set. 
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5.2.4.1. Texture feature extraction 

The statistics of the gray level distributions in an image are quantified using texture 

features. Generally, the methods for texture feature extraction are categorised as statistical 

methods, spatial filtering based methods and transform domain based methods. In statistical 

methods, the gray level intensities of the pixels are used to compute the texture features. In 

spatial filtering based methods, the images are first convolved with some filters to enhance 

particular properties and then the statistics of the gray level distribution are computed. In 

transform domain methods, the image is first transformed to frequency domain at different 

scales and orientations and then the texture information at these scales and orientations is 

computed. A brief description of different texture features computed in the present work is 

given here. 

(a) Statistical methods of feature extraction  

(i) First order statistics (FOS): In this method the texture features are computed from the 

intensity histogram of the image [81, 158,186, 194, 209, 259, 264, 273, 301]. A total of 06 FOS 

features have been computed from each image. 

(ii) Gray level co-occurrence matrix (GLCM): In this method, the texture of an image is 

characterized on the basis of the spatial relationship between two pixels. The co-occurrence 

matrix is formed by finding the number of occurrences of different combinations of a pair of 

pixels with a particular gray level for a specified direction (θ), inter-pixel distance (d) and the 

statistics are computed from the resultant matrix [9, 43, 89, 137, 154, 158, 190-192, 194, 209, 

233, 264, 281]. In the present work, the GLCM features have been computed using four 

different directions (θ = 0°, 45°, 90°, 135°) and inter-pixel distance d = 5. The final texture 

features are computed by taking the mean of the features computed for all four directions, e.g. 

let F1 be any feature computed using GLCM then the final mean feature F1 is given as 

 
(5.1) 

A total of 13 GLCM features have been computed from each image.   

(iii) Gray level run length matrix (GLRLM): In this method, the texture characterization is done 

on the basis of the spatial relationship between more than two pixels. The GLRL matrix is 

formed by computing the number of consecutive pixels of a particular gray level occurring in a 

specific direction [158, 209, 233]. In the present work, the GLRLM features have been 

computed using four different directions (θ = 0°, 45°, 90°, 135°) and the final texture features 

are computed by taking the mean of the features computed for all four directions. A total of 11 

GLRLM features have been computed from each image.  
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(b) Spatial filtering based methods   

(i) Laws’ mask analysis: In this spatial filtering based method, 1D filters of different 

resolutions (i.e. 3, 5, 7 and 9) have been used to enhance the different underlying properties of 

the images, like level, edges, spots, ripples and waves [58, 140, 251, 253, 254, 273]. These 1D 

filters are used to form 2D filter masks using convolution operation and the resultant 2D masks 

are then convolved with the images. The different 1D filters used and corresponding 2D masks 

formed are given in Fig. 5.3.  

 

Fig. 5.3 Laws’ 1D filters and their corresponding 2D masks. 

In the present work, Laws’ mask of length 9 has been used for analysis. The steps followed in 

Laws’ mask analysis for the computation of texture features is represented in Fig. 5.4. A total 

of 75 Laws’ texture features (15 TRs × 5 statistical parameters) are computed for each image. 

 

Fig. 5.4 Steps followed in Laws’ mask analysis. 
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(c) Transform domain based methods  

(i) Fourier power spectrum (FPS): In this method, the images are first transformed into 

frequency domain using discrete Fourier transform and then from the transformed images radial 

sum and angular sum have been computed as features. A total of 02 FPS features have been 

computed from each image.  

(ii) 2D-Gabor wavelet transform (2D-GWT): In this method, Gabor functions are used to 

process the images. The Gabor functions are formed by performing dilation and shifting 

operations on the mother wavelet. As a result of application of 2D-GWT, a set of filters are 

obtained that are frequency and orientation selective [199, 226]. The images are convolved 

with these filters resulting in the formation of feature images. In the present work, 3 scales (0, 

1, 2) and seven orientations (22.5o, 45o, 67.5o, 90o, 112.5o, 135o and 157.5o) have been used to 

obtain 21 different Gabor filters. The real part of the 21 wavelets resulting from a 13 × 13 

convolution mask with 3 scales and 7 orientations  as shown in Fig 5.5.  

 

Fig. 5.5 Real part of the 21 wavelets with 3 scales and 7 orientations. 

These filters are then convolved with the segmented images to obtain 21 feature images for 

each segmented image. From these 21 feature images, two texture descriptors namely mean 

and standard deviation have been computed. A total of 42 Gabor based features have been 

computed from each image. 

5.2.4.2. Computation of texture feature set 

By combining the above 149 texture features (6 FOS + 13 GLCM + 11 GLRLM + 75 

Laws’ + 2 FPS + 42 GWT), a texture feature set (TFS) is computed using all the images.  
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5.2.4.3.  Morphological feature extraction 

The morphological features represent the shape and margin characteristics of the tumor. It 

has been well established that shape and margin information plays a significant role in 

differentiation of breast tumors [40] i.e. benign tumors have a smooth and well-defined margin 

while malignant tumors have an ill-defined margin. Accordingly, different morphological 

features have been computed in the present work.  

A brief description of the computed morphological features is given here.  

(a) Area: The number of pixels in the tumor region [12, 62, 253], given as: 

𝐴𝑟𝑒𝑎 =  ෍ 𝑃𝑖𝑥𝑒𝑙𝑠௧௨௠௢௥ (5.2) 

(b) Perimeter: The distance of the tumor boundary [12, 62, 253], given as: 

𝑃𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑒𝑟 = ෍ 𝑃𝑖𝑥𝑒𝑙𝑠௧௨௠௢௥ ௖௢௡௧௢௨௥ (5.3) 

(c) Equivalent diameter: The diameter of the circle having equivalent area as that of the tumor 

[21, 226]. 

(d) Convex area: The number of pixels present in the convex hull of the tumor [62, 218, 286, 

287, 310], given as: 

𝐶𝑜𝑛𝑣𝑒𝑥 𝑎𝑟𝑒𝑎 =  ෍ 𝑃𝑖𝑥𝑒𝑙𝑠௧௨௠௢௥ ௖௢௡௩௘௫ି௛௨௟௟ (5.4) 

Here, the convex hull represents a set of pixels included in the smallest convex polygon 

surrounding the white pixels in a binary image. 

(e) Euler number: The number of objects in a region minus the holes in that object [21].  

(f) Solidity: The ratio of tumor area to convex hull area [62, 218, 286, 287, 310], given as: 

𝑆𝑜𝑙𝑖𝑑𝑖𝑡𝑦 =
𝐴𝑟𝑒𝑎

𝐶𝑜𝑛𝑣𝑒𝑥 𝑎𝑟𝑒𝑎 
 (5.5) 

(g) Major axis: The length of the major axis of the ellipse i.e. number of pixels in the longest 

axis [12, 21].  

(h) Minor axis: The length of the minor axis of the ellipse i.e. number of pixels in the shortest 

axis [12, 21].  

(i) Eccentricity: The ratio of the distance between center of ellipse and its focus to the length of 

its major axis [43], given as: 

𝐸𝑐𝑐𝑒𝑛𝑡𝑟𝑖𝑐𝑖𝑡𝑦 =
𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑓𝑟𝑜𝑚 𝑐𝑒𝑛𝑡𝑒𝑟 𝑜𝑓 𝑒𝑙𝑙𝑖𝑝𝑠𝑒 𝑎𝑛𝑑 𝑓𝑜𝑐𝑢𝑠

𝐿𝑒𝑛𝑔𝑡ℎ௠௔௝௢௥ ௔௫௜௦
 (5.6) 

(j) Orientation: The angle between horizontal axis and the major axis of ellipse [21].  

(k) Extent: The ratio of tumor area to the area of the bounding rectangle of the tumor [154, 285, 

286], given as: 
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𝐸𝑥𝑡𝑒𝑛𝑡 =  
𝐴𝑟𝑒𝑎

𝐵𝑜𝑢𝑛𝑑𝑖𝑛𝑔 𝑟𝑒𝑐𝑡𝑎𝑛𝑔𝑙𝑒 
 (5.7) 

(l) Circularity: The ratio of square of perimeter to area of the tumor [12, 21, 218, 253], given 

as: 

𝐶𝑖𝑟𝑐𝑢𝑙𝑎𝑟𝑖𝑡𝑦 =
𝑃𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟ଶ

𝐴𝑟𝑒𝑎
 (5.8) 

(m) Long axis-to-short axis ratio (LSratio): The ratio of length of major axis to length of minor 

axis [12, 161], given as: 

𝐿𝑆௥௔௧௜௢ =
𝐿𝑒𝑛𝑔𝑡ℎ௠௔௝௢௥ ௔௫௜௦

𝐿𝑒𝑛𝑔𝑡ℎ௠௜௡௢௥ ௔௫௜௦
 (5.9) 

The sample image showing the convex hull (used for calculating convex area and 

solidity), bounding rectangle (used for calculating extent) and ellipse (used for computing 

lengths of major axis and minor axis, eccentricity, long-axis-to-short axis ratio) of the tumor 

along with tumor boundary is given in Fig. 5.6. 

  

Fig. 5.6 Sample tumor image with (a) Convex hull boundary and tumor boundary marked, (b) Bounding 
rectangle and tumor boundary marked, (c) Ellipse boundary, axis and tumor boundary marked. 

5.2.4.4.  Computation of morphological feature set 

By combining the above 13 morphological features a morphological feature set (MFS) is 

computed using all the images. 

5.2.5. Feature fusion module 

In feature fusion, different feature sets can be combined together to obtain a single feature 

set. The feature fusion techniques used can either be serial fusion, parallel fusion or weighted 
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fusion. In serial feature fusion the features of different features sets are simply concatenated 

one after the other (union operation) to obtain a combined feature set (CFS) [7]. In case of 

parallel feature fusion, different feature sets are combined to obtain a single feature set with the 

help of a complex vector [7]. In case of weighted some features which are diagnostically more 

important than other features are assigned a weight and then fused using serial or parallel 

fusion techniques. The diagnostically important features can be short listed from a set of 

features based on the input from experienced radiologists. In the present work, the computed 

texture and morphological feature sets have been combined to obtain a CFS using serial feature 

fusion. Let there be three individual feature sets FS1 (l1), FS2 (l2), FS3 (l3). Here, FS is the 

feature set and l is the length of feature vector. The combined feature set formed using serial 

fusion is given as CFS (l) = [FS1 FS2 FS3] (l1 + l2 + l3) with the length of CFS being l = l1 + l2 + 

l3. The process of serial feature fusion is represented in Fig. 5.7. 

 

Fig. 5.7 Serial feature fusion. 
Note: TFS: Texture feature set, MFS: Morphological feature set, CFS: Combined feature set. 

5.2.6. Feature space dimensionality reduction module 

After the process of feature extraction the resultant feature set may contain some features 

that are correlated to each other. These features are redundant and do not provide any useful 

information for differentiation between the benign and malignant tumors. In the present work, 

principal component analysis (PCA) has been used to reduce the dimensionality of the input 

feature space thus finding the optimal principal components (PCs) useful for classification task 

[12, 140, 198, 274, 282]. The steps followed in PCA algorithm are represented in Fig. 5.8.  

The optimal number of PCs to be retained for classification task is determined 

empirically by carrying out recurrent experimentation and stepping through first few PCs ϵ {2, 

3, …,15} to build the classification model [139]. 

The steps followed for building the final SVM model using PCA-SVM algorithm are 

given in Fig. 5.9.  
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Fig. 5.8 Steps followed in PCA algorithm. 

  

 

Fig. 5.9 The steps followed for building the final SVM model using PCA-SVM algorithm. 

5.2.7. Classification module 

The support vector machine (SVM) is a kernel based classifier used popularly for 

machine learning tasks involving classification specifically in case of breast ultrasound images 

[32, 62, 111, 113, 115, 133, 137, 154, 186, 198, 209, 218, 236, 237, 248, 273, 285-287, 298,  

301, 310, 321]. Accordingly, in the present work SVM classifier has extensively been used to 

develop various classification models. In this classifier, the instances are separated into disjoint 

classes in feature space using a hyper-plane that maximises the margin between two classes. 

The SVM classifier has been implemented using LibSVM library [38]. The non-linear data has 

been mapped to the higher dimensionality feature space using Gaussian radial basis function 

(GRBF) kernel.  

5.3. Experiments and Results 

For developing an efficient CAD system for classification of breast tumors, exhaustive 

experiments have been conducted in the present work using both existing and hybrid 

approaches of CAD system designs. The conducted experiments are described in Table 5.1. 
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Table 5.1 Description of experiments for the design of PCA-SVM based CAD systems. 

Experiment 1 
Design of PCA-SVM based CAD system using texture and morphological features computed 
from original images (Existing approach-1). 

Experiment 2 
Design of PCA-SVM based CAD system using texture features and morphological features 
computed from despeckled images (Existing approach-2). 

Experiment 3 
Design of PCA-SVM based CAD system using texture features computed from original 
images and morphological features computed from despeckled images (Hybrid approach-1).  

Experiment 4 
Design of PCA-SVM based CAD system using texture features computed from despeckled 
images and morphological features computed from original images (Hybrid approach-2). 

5.3.1. Experiment 1: Existing approach-1: Design PCA-SVM based CAD system using 
texture and morphological features computed from original images  

For carrying out this experiment, different texture features and morphological features 

have been computed from original images. These features have been combined to form CFSOO 

that has then been used for classification of breast tumors using PCA-SVM algorithm. The 

results of the classification for Experiment-1 are shown in Table 5.2. 

Table 5.2 Classification results of PCA-SVM based CAD system using texture and morphological features 
computed from original images (Existing approach-1). 

CAD system (FS: l) CM Accuracy (%) ICA_B (%) ICA_M (%) 
  B M    

PCA-SVM based CAD system (RFSOO: 10) 
B 19 2 

94.1 90.4 96.6 
M 1 29 

Note: FS: Features set, l: No. of optimal PCs, PCA: Principal component analysis, RFS: Reduced feature set, 
SVM: Support vector machine, O: Original image, CM: Confusion matrix, ICA: Individual class accuracy, B: 
Benign class, M: Malignant class. 

From Table 5.2, it has been noted that using the feature set RFSOO obtained by applying 

PCA-SVM to CFSOO containing texture and morphological features computed from original 

images, a classification accuracy of 94.1 % has been achieved. The individual class accuracy 

(ICA) values obtained for the benign and malignant classes are 90.4 % and 96.6 %, 

respectively. Out of 51 testing instances, 3 instances have been classified incorrectly. 

5.3.2. Experiment 2: Existing approach-2: Design of PCA-SVM based CAD system using 
texture and morphological features computed from despeckled images  

For carrying out this experiment, 06 best performing despeckle filtering algorithms have 

been used. Different texture features and morphological features have been computed from 

despeckled images. These features have been combined to form CFSDD for each filter that has 

then been used for classification of breast tumors using PCA-SVM algorithm. The results of the 

classification for Experiment-2 are shown in Table 5.3. 

Table 5.3 Classification results of PCA-SVM based CAD system using texture and morphological features 
computed from despeckled images (Existing approach-2). 

CAD system (FS: l) CM Accuracy (%) ICA_B (%) ICA_M (%) 
  B M    

PCA-SVM based CAD system (RFSDD(Lee 

sigma) : 6) 
B 13 8 

60.7 61.9 60.0 
M 12 18 
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PCA-SVM based CAD system 
(RFSDD(BayesShrink) : 9) 

B 12 9 
64.7 57.1 73.3 

M 8 22 
PCA-SVM based CAD system (RFSDD(DPAD) : 
9) 

B 11 10 
64.7 52.3 73.3 

M 8 22 

PCA-SVM based CAD system (RFSDD(FI) : 5) 
B 14 7 

66.6 66.6 66.6 
M 10 20 

PCA-SVM based CAD system (RFSDD(FB) : 4) 
B 10 11 

66.6 47.6 80.0 
M 6 24 

PCA-SVM based CAD system RFSDD(HFB) : 8) 
B 11 10 

62.7 52.3 70.0 
M 9 21 

Note: FS: Feature set, l: No. of optimal PCs, PCA: Principal component analysis, RFS: Reduced feature set, 
SVM: Support vector machine, D: Despeckled image, CM: Confusion matrix, ICA: Individual class accuracy, 
B: Benign class, M: Malignant class, DPAD: Detail preserving anisotropic diffusion, FI: Fourier ideal, FB: 
Fourier ideal, HFB: Homomorphic Fourier Butterworth.  

From Table 5.3 it has been noted that using the feature set RFSDD(FB) obtained by 

applying PCA to CFSDD(FB) containing texture and morphological features computed from 

images despeckled using FB filter, a classification accuracy of 66.6 % has been achieved. The 

ICA values obtained for the benign and malignant classes are 47.6 % and 80.0 %, respectively. 

Out of 51 testing instances, 17 instances have been classified incorrectly. It is worth noting that 

same accuracy of 66.6 % has also been achieved using the feature set RFSDD(FI) obtained by 

applying PCA to CFSDD(FI) containing texture and morphological features computed from 

images despeckled using FI filter but the ICA value for the malignant class is less in 

comparison to the feature set RFSDD(FB) and any CAD system developed for medical images 

should be able to correctly classify the maximum number of malignant instances.  

5.3.3. Experiment 3: Hybrid approach-1: Design of PCA-SVM based CAD system using 
texture features computed from original images and morphological features 
computed from despeckled images 

For carrying out this experiment, 06 best performing despeckle filtering algorithms have 

been used. Different texture features have been computed from original images and 

morphological features have been computed from despeckled images. These features have been 

combined to form a CFSOD for each filter that has then been used for classification of breast 

tumors using PCA-SVM algorithm. The results of the classification for Experiment-3 are 

shown in Table 5.4. 

Table 5.4 Classification results of PCA-SVM based CAD system using texture features computed from original 
images and morphological features computed from despeckled images (Hybrid approach-1). 

CAD system (FS: l) CM Accuracy (%) ICA_B (%) ICA_M (%) 
  B M    
PCA-SVM based CAD system (RFSOD(Lee sigma) 
:10) 

B 19 2 
92.1 90.4 93.3 

M 2 28 
PCA-SVM based CAD system 
(RFSOD(BayesShrink) : 10) 

B 18 3 
92.1 85.7 96.6 

M 1 29 
PCA-SVM based CAD system (RFSOD(DPAD) : B 20 1 96.0 95.2 96.6 
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11) M 1 29 

PCA-SVM based CAD system (RFSOD(FI) : 10) 
B 19 2 

92.1 90.4 93.3 
M 2 28 

PCA-SVM based CAD system (RFSOD(FB) : 
11) 

B 19 2 
94.1 90.4 96.6 

M 1 29 
PCA-SVM based CAD system (RFSOD(HFB) : 
13) 

B 19 2 
94.1 90.4 96.6 

M 1 29 

Note: FS: Feature set, l: No. of optimal PCs, PCA: Principal component analysis, RFS: Reduced feature set, 
SVM: Support vector machine, O: Original image, D: Despeckled image, CM: Confusion matrix, ICA: 
Individual class accuracy, B: Benign class, M: Malignant class, DPAD: Detail preserving anisotropic diffusion, 
FI: Fourier ideal, FB: Fourier ideal, HFB: Homomorphic Fourier Butterworth. 

From Table 5.4 it has been noted that using the feature set RFSOD(DPAD) obtained by 

applying PCA to CFSOD(DPAD) containing texture and morphological features computed from 

images despeckled using DPAD filter, a classification accuracy of 96.0 % has been achieved. 

The ICA values obtained for the benign and malignant classes are 95.2 % and 96.6 %, 

respectively. Out of 51 testing instances, 2 instances have been classified incorrectly. 

5.3.4. Experiment 4: Hybrid approach-2: Design of PCA-SVM based CAD system using 
texture features computed from despeckled images and morphological features 
computed from original images 

For carrying out this experiment, 06 best performing despeckle filtering algorithms have 

been used. Different texture features have been computed from despeckled images and 

morphological features have been computed from original images. These features have been 

combined to form a CFSDO for each filter that has then been used for classification of breast 

tumors using PCA-SVM algorithm. The results of the classification for Experiment-4 are 

shown in Table 5.5.  

Table 5.5 Classification results of PCA-SVM based CAD system using texture features computed from 
despeckled images and morphological features computed from original images (Hybrid approach-2). 

CAD system (FS: l) CM Accuracy (%) ICA_B (%) ICA_M (%) 
  B M    
PCA-SVM based CAD system (RFSDO (Lee 

sigma) : 3) 
B 13 8 

68.6 61.9 73.3 
M 8 22 

PCA-SVM based CAD system (RFSDO 

(BayesShrink) : 5) 
B 8 13 

60.7 38.0 76.6 
M 7 23 

PCA-SVM based CAD system (RFSDO (DPAD) : 
9) 

B 10 11 
66.6 47.6 80.0 

M 6 24 

PCA-SVM based CAD system (RFSDO (FI) : 5) 
B 14 7 

66.6 66.6 66.6 
M 10 20 

PCA-SVM based CAD system (RFSDO (FB) : 5) 
B 15 6 

66.6 71.4 63.3 
M 11 19 

PCA-SVM based CAD system (RFSDO (HFB) : 
5) 

B 10 11 
66.6 47.6 80.0 

M 6 24 

Note: FS: Feature set, l: No. of optimal PCs, PCA: Principal component analysis, RFS: Reduced feature set, 
SVM: Support vector machine, D: Despeckled image, O: Original image, CM: Confusion matrix, ICA: 
Individual class accuracy, B: Benign class, M: Malignant class, DPAD: Detail preserving anisotropic diffusion, 
FI: Fourier ideal, FB: Fourier ideal, HFB: Homomorphic Fourier Butterworth. 
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From Table 5.5 it has been noted that using the feature set RFSDO(Lee sigma) obtained by 

applying PCA to CFSDO(Lee sigma) containing texture features computed from images despeckled 

by Lee Sigma filter and morphological features computed from original images, a classification 

accuracy of 68.6 % has been achieved. The ICA values obtained for the benign and malignant 

classes are 61.9 % and 73.3 %, respectively. Out of 51 testing instances, 16 instances have been 

classified incorrectly. 

After conducting exhaustive experiments with existing and hybrid approaches it was 

observed that the underlying textural features are better preserved in original images where as 

the morphological features are better preserved in despeckled images. However in the hybrid 

approach 2, texture features were computed from despeckled images and morphological 

features were computed from original images. The distorted underlying texture information in 

the despeckled images is a significant factor due to which lower classification accuracy is 

obtained in this case.  The reason for the gap between the accuracy values can be attributed to 

the fact that there are significant differences between morphological features of benign and 

malignant breast tumors. 

5.3.5. Results: Individual texture feature sets computed from original and despeckled images 
and individual morphological feature sets computed from original and despeckled images 

For classification of breast tumors using ultrasound images, initially PCA-SVM 

algorithm has been applied to individual texture feature sets and individual morphological 

feature sets computed from original as well as despeckled images. The results obtained by 

individual texture feature sets and morphological features sets computed from original as well 

as despeckled images are shown in Table 5.6. 

Table 5.6 Results obtained by individual texture feature sets and individual morphological features sets 
computed from original as well as despeckled images. 

CAD system Accuracy (%) (l) CAD system Accuracy (%) (l) 
PCA-SVM (TFSO) 90.1 (10) PCA-SVM (MFSO) 62.7 (5) 
PCA-SVM (TFSD (Lee sigma)) 70.6 (2) PCA-SVM (MFSD (Lee sigma)) 66.6 (2) 
PCA-SVM (TFSD (BayesShrink)) 62.7 (6) PCA-SVM (MFSD (BayesShrink)) 68.5 (8) 
PCA-SVM (TFSD (DPAD)) 64.7 (5) PCA-SVM (MFSD (DPAD)) 70.5 (6) 
PCA-SVM (TFSD (FI)) 60.7 (2) PCA-SVM (MFSD (FI)) 68.5 (6) 
PCA-SVM (TFSD (FB)) 64.7 (5) PCA-SVM (MFSD (FB)) 66.6 (4) 
PCA-SVM (TFSD (HFB)) 68.6 (2) PCA-SVM (MFSD (HFB)) 64.7 (6) 

Note: PCA: Principal component analysis, SVM: Support vector machine, O: Original image, D: Despeckled 
image, TFS: Texture feature set, MFS: Morphological feature set, l: No. of optimal PCs, DPAD: Detail 
preserving anisotropic diffusion, FI: Fourier ideal, FB: Fourier Butterworth, HFB: Homomorphic Fourier 
Butterworth.  

From Table 5.6, it can be observed that (a) texture information is not effectively 

preserved in the despeckled images as is evident from the fact that maximum classification 

accuracy of 90.1 % is achieved using original texture features in comparison with the 
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maximum classification accuracy of 70.6 % achieved using despeckled texture features (Lee 

sigma). (b) The shape/margin characteristics of the tumors are enhanced in the despeckled 

images as compared to the original images as is evident from the fact that the despeckled 

morphological features yielded higher accuracy in all cases in comparison with the original 

morphological features. It can be noted that the maximum classification accuracy of 70.5 % has 

been obtained by using despeckled morphological features (DPAD). 

5.3.6. Comparative analysis of PCA-SVM based CAD system designs implemented in the 
present work using existing approaches and hybrid approaches  

A comparative analysis of the results obtained for PCA-SVM based CAD system designs 

implemented in the present work using existing approaches and hybrid approaches is shown in 

Table 5.7.  

Table 5.7 Comparative analysis of the results of PCA-SVM based CAD system designs implemented in the 
present work using existing approaches and hybrid approaches.  
CAD system (FS: l) CM Accuracy (%) ICA_B (%) ICA_M (%) 
  B M    
Existing approach-1: PCA-SVM based CAD 
system (RFSOO : 10) 

B 19 2 
94.1 90.4 96.6 

M 1 29 

Existing approach-2: PCA-SVM based CAD 
system (RFSDD(FB) : 4) 

B 10 11 
66.6 47.6 80.0 

M 6 24 

Hybrid approach-1: PCA-SVM based CAD 
system (RFSOD(DPAD) : 11) 

B 20 1 
96.0 95.2 96.6 

M 1 29 

Hybrid approach-2: PCA-SVM based CAD 
system (RFSDO (Lee sigma) : 3)  

B 13 8 
68.6 61.9 73.3 

M 8 22 

Note: FS: Feature set, l: Length of feature set, PCA: Principal component analysis, RFS: Reduced feature set, 
SVM: Support vector machine, B: Benign class, M: Malignant class, O: Original image, D: Despeckled image, 
CM: Confusion matrix, ICA: Individual class accuracy.   
    The shaded grey region indicates the optimal PCA-SVM based CAD system using texture features computed 
from original images and morphological features computed from images despeckled using DPAD filter. 

It can be noted from Table 5.7, that the feature set RFSOD(DPAD) obtained by applying 

PCA-SVM algorithm to CFSOD(DPAD) consisting of texture features computed from original 

images and morphological features computed from images despeckled by DPAD filter 

achieved maximum accuracy of 96.0 % for classification of breast tumors using ultrasound 

images. The ICA values obtained for the benign and malignant classes are 95.2 % and 96.6 %, 

respectively. Out of 51 testing instances, only 2 instances have been misclassified. It can also 

be noted that in case of experiments where texture information has been computed from the 

images after the application of despeckle filtering algorithms, the classification performance 

has degraded in comparison to the experiments where the texture information has been 

computed from the original images. An increase of 1.9 % is noted in the accuracy when texture 

information is computed from original images and the shape information is computed from 

images despeckled by DPAD filter in comparison to the experiment when both the texture and 
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shape features are computed from original images. It can also be noted that the sensitivity of 

malignant cases remains same for both the experiments and an increase of 4.8 % is noted in the 

ICA value of benign cases when texture information is computed from original images and the 

morphological information is computed from images despeckled by DPAD filter. 

The existing approach-2 uses both texture and morphological features computed from 

despeckled images, however after conducting the exhaustive experiments it was observed that 

the underlying textural features are better preserved in original images where as the 

morphological features better preserved in despeckled images. The authors feel that this is the 

reason for disparity in existing approach-2 which attributed to significantly lower values of 

accuracy obtained using this approach. 

The performance of the PCA-SVM based CAD system designs implemented in the 

present work can be represented pictorially in terms of ROC curves along with their AUC 

values as given in Fig. 5.10.  The ROC analysis has been carried out using ROCR library of the 

R package [219]. 

 

Fig. 5.10 ROC curves for PCA-SVM based CAD system designs implemented in the present work along with 
their AUC values. 

The optimal PCA-SVM based CAD system design for classification of breast tumors is 

given in Fig. 5.11. 
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Fig. 5.11 Optimal PCA-SVM based CAD system design for classification of breast tumors. 
Note: DPAD: Detail preserving anisotropic diffusion, O: Original image, D: Despeckled image, TFS: texture 
feature set, MFS: Morphological feature set, CFS: Combined feature set, PCA: Principal component analysis, 
RFS: Reduced feature set, SVM: Support vector machine. 

5.4. Concluding Remarks 

From the results of the exhaustive experiments conducted in the present work, following 

points have been concluded: (a) For differential diagnosis between benign and malignant breast 

tumors using ultrasound images, the texture of the region inside the tumor as well as the 

shape/margin characteristics of the tumor are important. (b) By the application of despeckle 

filtering algorithms, the texture information in the region inside the tumor is not preserved 

resulting in poor accuracy when texture information is extracted. (c) The features representing 

the shape/margin characteristics of the tumor are better exhibited by the application of DPAD 

despeckle filtering algorithms. Thus based on the points above, maximum accuracy for 

differential diagnosis between breast tumors is obtained when texture information is computed 

from original images and shape/margin characteristics are derived from the images after the 

application of DPAD despeckle filtering algorithm.  

The exhaustive experimentation carried out in the present work to design an efficient 

PCA-SVM based CAD system for differential diagnosis between benign and malignant breast 

ultrasound tumors indicate that texture features computed from original images combined with 

morphological features computed from images despeckled by DPAD filter yield best results. 

Therefore, for further experimentation original images have been used to compute texture 

features while images despeckled by DPAD filter have been used to compute morphological 

features. 

Also based on the exhaustive review of literature, it has been observed that local binary 

pattern (LBP) based texture descriptors have been used widely for texture quantification in 

medical images [53, 94, 119, 134, 146, 152, 196, 210, 256, 265, 266]. For classification of 

breast tumors using ultrasound images the LBP based texture features have been used for 
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texture quantification [2, 32, 185, 198] and subsequent classification. However, the 

performance of LBP based texture features combined with morphological features for breast 

tumor classification has not been tested yet. Accordingly in the next chapter, experiments have 

been conducted exhaustively to design an efficient CAD system by computing texture features 

from original images and morphological features computed from images despeckled using 

DPAD filter.  
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Chapter 6 

LBP based CAD System Designs for Classification of 
Breast Tumors 

6.1.  Introduction  

For diagnosing breast abnormalities using ultrasound images, many attempts have been 

made by the researchers in the past to design efficient computer-aided diagnostic (CAD) 

systems in order to enhance the diagnostic potential of B-mode ultrasound imaging modality 

for the diagnosis of breast tumors [58, 62, 90, 162, 218, 253, 273, 285, 298, 310].  

From the comprehensive review of the literature carried out for differential diagnosis 

between breast abnormalities, it has been observed that these CAD systems have been designed 

using features extracted from either original ultrasound images only, or pre-processed 

ultrasound images only. Among these studies it has been noted that for the computation of 

texture features, most of the studies have employed statistical methods of texture feature 

extraction, followed by transform domain based methods. However another set of features 

namely local binary patter (LBP) based texture descriptors have also become a popular choice 

for texture quantification for different medical images [53, 94, 119, 134, 152, 162, 196, 256, 

265, 266]. 

Han et al. [94] proposed an automatic system for the analysis of digital mammograms 

taken from Digital database of screening mammography (DDSM). The suspicious region has 

been segmented by using an isocontour map algorithm. From the segmented region, LBP based 

texture descriptors and conventional morphological features have been computed and 

combined. On the resultant feature set correlation based feature selection has been employed 

and a cost-sensitive neural network has been used to classify the region to be mass or non-

mass.  

Laroussi et al. [152] reported the use of different texture and morphological features for 

classification of mammographic masses using images taken form DDSM database. The authors 

used LBP based features for the quantification of texture and Zernike moments for the 

quantification of morphological features. The combined feature set containing both texture and 

morphological features has been fed to the artificial neural network (ANN) classifier. 

Plissti et al. [210] in their study proposed an automated method for nuclei detection in 

pap smear images. The nuclei segmentation has been carried out by using watershed transform. 
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From the segmented images different intensity based features, LBP based texture features and 

morphological features have been computed and classified using different classifiers.  

Kumar et al. [146] attempted to automatically classify the ovarian abnormalities by using 

a probabilistic neural network (PNN) classifier and computing a set of shape, invariant 

moments, gray level co-occurrence matrix (GLCM), LBP based texture and Gabor wavelet 

transform (2D-GWT) based features.  

Theodorakopoulos et al. [266] used a combination of morphological and uniform LBP 

based texture features for classification of human epithelial cell line (HEp-2) images using 

support vector machine (SVM) classifier.  

Tashk et al. [265] combined LBP based texture features with stiffness matrix for 

geometric, morphometric and shape-based features to detect mitosis in histopathology images 

of breast cancer using SVM classifier. 

The studies reported in [2, 32, 185, 198] make use of LBP based features for the 

quantification of texture and subsequent classification of breast tumors. However, it is worth 

mentioning that the performance of LBP based texture features combined with the 

morphological features has not been tested for classification of breast tumors using ultrasound 

images which have otherwise yielded good results in case of other medical images [94, 146, 

152, 210, 266].  

Accordingly, in the present work attempt has been made to design an efficient CAD 

system that utilizes LBP based texture features computed from original tumor images combined 

with morphological features computed from images despeckled by the DPAD filter for 

classification of breast tumors. 

6.2. Experimental Workflow : LBP based CAD System Designs for 
Classification of Breast Tumors 

The experimental workflow followed for the design of LBP based CAD systems for 

classification of breast tumors is given in Fig. 6.1. 

6.2.1. Dataset description 

For carrying out the experiments in the present work, dataset described in section 3.2.1 of 

Chapter 3 has been used as presented in Fig. 3.2.  The entire image dataset was stored on a 64-

bit windows 10 PC with Intel (R) Core (TM) i3-5005U, 2.00 GHz processor and 4.00 GB RAM 

and the experiments have been conducted using MATLABR2015b and MATLABR2018b. 
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Fig. 6.1 Experimental workflow followed for the design of LBP based CAD systems for classification of breast 
tumors.   The shaded grey region indicates the optimal LBP based CAD system design for classification of 
breast tumors. 
Note: TFS: Texture feature set, MFS: Morphological feature set, RTFS: Reduced texture feature set, LBP: 
Local binary patterns, CFS: Combined feature set, OFS: Optimal feature set, ANFC-LH: Adaptive neuro-fuzzy 
classifier using linguistic hedges, GA: Genetic algorithm, PCA: Principal component analysis, SAE: Stacked 
autoencoder, SVM: Support vector machine, SM: Softmax. 

6.2.2. Despeckling module 

Based on the exhaustive experiments carried out in Chapter-5 for obtaining an optimal 

despeckle filtering algorithm with respect to edge/feature/structure preservation, it has been 
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established that morphological features are better exhibited by images despeckled by the DPAD 

filter. Accordingly, DPAD filtered images have been considered for the extraction of 

morphological feature set.  

6.2.3. Segmentation module  

In the present work, to segment the breast tumors from original and despeckled images, 

the Chan and Vese active contour method [37] has been used as described in Chapter-4 

6.2.4. Feature extraction module 

Feature extraction converts the perceptible information of an image into mathematical 

descriptors based on intensity distribution of the image or on shape of the tumor or on the 

colour features [7, 9, 11, 17, 21, 43, 130, 226, 253]. In the present work to compute the texture 

features, LBP method of feature extraction has been used forming a texture feature set (TFS) 

while morphological features have been extracted from images despeckled by DPAD filter to 

form a morphological feature set (MFS). The process of combined feature set generation is 

given in Fig. 6.2.  

 

Fig. 6.2 Combined feature set generation using selected LBP based texture features extracted from original 
images and morphological features extracted from images despeckled by DPAD filter. 
Note: LBP: Local binary pattern, TFS: Texture feature set, MFS: Morphological feature set, RTFS: Reduced 
texture feature set, CFS: Combined feature set, LSratio: Ratio of length of major axis to length of minor axis 

The texture feature set obtained by using LBP algorithm contains a large number of 

features which may be redundant. In order to remove these redundant features, correlation 

based feature selection (CrFS) has been used resulting in the formation of a reduced texture 

feature set (RTFS). Finally RTFS and MFS have been fused serially forming a combined 

feature set (CFS). 

6.2.4.1.  LBP based texture feature extraction 

The texture features are used to quantify gray level distribution statistics in an image. The 

LBP based method of feature extraction has been used by many researchers for analysis of 
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various medical images [53, 94, 119, 134, 152, 161, 196, 256, 265, 266]. Ojala et al. [203] 

introduced LBP for image texture quantification of local neighbourhood. In LBP algorithm, the 

pixels of an image are labelled using a threshold value for each pixel neighbourhood and the 

final result is considered as a binary number. The steps followed for computing the LBP based 

texture features are given in Fig. 6.3. 

 

Fig. 6.3 Steps followed for the implementation of LBP algorithm. 
Note: H1: Histogram of 1st window, Hn: Histogram of nth window  

The length of the final LBP feature vector is given as: 

𝑁𝑢𝑚𝐶𝑒𝑙𝑙𝑠 = 𝑝𝑟𝑜𝑑 ቆ𝑓𝑙𝑜𝑜𝑟 ൬
𝐼𝑚𝑎𝑔𝑒 𝑠𝑖𝑧𝑒

𝐶
൰ቇ = 𝑝𝑟𝑜𝑑 ൬

512

64
൰ = 8 × 8 = 64 (6.1) 

𝐵: 𝑁𝑜. 𝑜𝑓 𝑏𝑖𝑛𝑠 𝑜𝑓 ℎ𝑖𝑠𝑡𝑜𝑔𝑟𝑎𝑚 = 𝑁 × (𝑁 − 1) + 3 = 16 × (16 − 1) + 3 = 243 (6.2) 

𝐿𝐵𝑃 (𝑙) = 𝑁𝑢𝑚𝐶𝑒𝑙𝑙𝑠 × 𝐵 = 243 × 64 = 15552 (6.3) 

Here, C: Cell size, N: Number of neighbors, l: length of feature vector. 

From the original tumor images, a texture feature set (TFS) is formed containing 15552 

LBP features computed at radius (R) = 1, N = 16, C = 64.  
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6.2.4.2. Correlation  based feature selection 

The texture feature set computed from the original tumor images containing LBP based 

texture features may have some redundant features and can negatively affect the classification 

performance of the CAD systems. Thus, the selection of relevant features is a pre-requisite for 

the design of efficient CAD systems. The advantages of feature selection are: faster training 

time, reduced complexity of classification model and reduced overfitting. In CrFS the best 

subset of features is selected based on the value of correlation coefficient. The section criterion 

is based on the fact that the features are uncorrelated to each other but are highly correlated to 

the class [188]. The computed score used as a threshold to select the optimal feature subset is 

given as:  

𝑆 =
𝑘 × 𝑟௖௙തതതത

ඥ𝑘 + 𝑘(𝑘 − 1)𝑟௙௙തതതത
 (6.4) 

Here, k: number of features, 𝑟௙௙തതതത: mean inter-correlation between features, 𝑟௖௙തതതത: mean correlation 

between feature and class. 

In the present work the TFS having a length of 15552 is subjected to CrFS yielding a 

reduced texture feature set (RTFS) having length 104.  

6.2.4.3.  Morphological feature extraction 

The morphological features represent the shape characteristics of the tumor. It has been 

well established that the benign and malignant breast tumors can be differentiated based on 

their shape e.g. benign tumors have a regular shape (round or oval) while malignant tumors are 

irregularly shaped [82, 83]. The different morphological features computed for the breast tumor 

characterization are: area, perimeter, circularity, equivalent diameter, convex area, solidity, 

Euler number, length of major axis, length of minor axis, LSratio, orientation, eccentricity and 

extent of the tumor region. By combining these 13 morphological features a morphological 

feature set (MFS) is computed for all breast tumor images.  

6.2.4.4.  Serial feature fusion 

In feature fusion, a single feature set is formed by aggregating multiple feature sets. In 

serial feature fusion, a combined feature set is formed by simply concatenating different 

features one after the other (union operation) [7]. In the present work, the selected texture and 

morphological feature sets have been combined serially to obtain a feature set CFS, i.e. RTFS 

(104), MFS (13), are combined serially as: CFS (117) = [RTFS : MFS] (104 + 13). 

The feature fusion step has been used to combine the texture features and morphological 

features as both of these features play an important role in the classification of breast 

abnormalities. The step of feature reduction has been performed to remove the redundant 
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features from the combined feature pool so as to train the classifier with the optimal (textural 

and morphological) selected features.  

6.2.5. Optimal feature set generation module 

The combined feature set has been further subjected to two feature selection and two 

feature space dimensionality reduction methods to obtain optimal feature sets (OFS). The 

different methods employed for the generation of an OFS are given in Fig. 6.4. 

 

Fig. 6.4 Different methods employed for the generation of an OFS. 
Note: ANFC-LH: Adaptive neuro-fuzzy classifier, GA: Genetic algorithm, SVM: Support vector machine, 
PCA: Principal component analysis, SAE: Stacked autoencoder, SM: Softmax, OFS: Optimal feature set, LBP: 
Local binary pattern.   

6.2.5.1.  Feature selection using ANFC-LH algorithm 

In the present work a fuzzy feature selection using technique adaptive neuro-fuzzy 

classifier using linguistic hedges (ANFC-LH) has been used to find an optimal feature set from 

the CFS consisting of a total of 117 features (104 texture and 13 morphological features).  

The linguistic hedges (LHs) are used to introduce the importance of fuzzy rules. The LH 

values are tuned in such a way so as to improve the flexibility of fuzzy sets, thus removing the 

ambiguity of the overlapped classes. The LHs are defined as the linguistic terms that can be 

used to modify other linguistic terms [309]. Suppose L is a continuous linguistic term for an 

input variable x having a membership function 𝜇
𝐿

(𝑥). The modified linguistic term can be 

defined as:  

𝐿ௌ: {(𝑥, (𝜇௅(𝑥))௉)|𝑥 ∈ 𝑋} (6.5) 

Here, p indicates the linguistic hedge value of the linguistic term L.  

A conventional simple fuzzy rule having two inputs (a1, a2) and one output (b) is given 

as: IF a1 is X1 AND a2 is X2 THEN b is Y.  

When LHs are associated with a fuzzy rule, new fuzzy rule can be redefined as: 

IF a1 is X1 with hedge value p1 AND a2 is X2 with hedge value p2 THEN b is Y.  

In the present work, ANFC using linguistic hedges has been used for selecting the 

optimal features from the obtained CFS.  
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For an ANFC using linguistic hedges, a fuzzy classification rule for two inputs and one 

output with LHs is defined as: 

IF a1 is X1 with hedge value p1 AND a2 is X2 with hedge value p2 THEN b is C1.  

Here, X1 and X2 denote linguistic terms on A1 and A2 feature space, 

p1, p2 are the linguistic hedges and C1 is the class label of an output b.  

The general fuzzy rules can be written as:  

Rule1: IF a1 is X1 with hedge value p1 = 1 AND a2 is X2 with hedge value p2 = 0 THEN b is F1 

Rule2: IF a1 is X1 with hedge value p1 = 0 AND a2 is X2 with hedge value p2 = 1 THEN b is F2 

The corresponding reduced set of rules can be re-written as: 

Rule1: IF a1 is X1 with hedge value p1 = 1 THEN b is F1 

Rule2: IF a2 is X2 with hedge value p2= 1 THEN b is F2 

The reduced rules represent the selected features only. For the selection of the features, 

LH values are used. It can be interpreted that if the LH value of fuzzy set for particular feature 

is 1, then that feature is considered to be important.  

The general architecture of ANFC-LH is given in Fig. 6.5 having two inputs in the 

feature space to be separated into two classes with each input being described by two linguistic 

variables, thus giving a total of four fuzzy rules. 

 

Fig. 6.5 General layer architecture of ANFC-LH. 

The description of each layer is given here: 

(i) Membership layer: In this layer the membership function of each input variable is defined. 

The most commonly used membership function is Gaussian as it has less parameters and 

smoother partial derivatives. The Gaussian membership function is given as: 
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𝜇௜௝൫𝑥௦௝൯ =  𝑒
ି଴.ହ

(ೣೞೕష೎೔ೕ)మ

഑೔ೕ
మ

 
(6.6) 

Here, μij (xsj): membership grade for ith rule and jth feature, xsj: s
th input sample and jth feature, 

cij: Center of the Gaussian function, σij: Width of Gaussian function 

(ii) Power layer: In this layer the secondary meanings of the fuzzy sets are calculated along 

with the linguistic hedges. 

𝛼௜௝௦ = ൣ𝜇௜௝൫𝑥௦௝൯൧
௣೔ೕ

 (6.7) 

Here, αijs: modified membership grade, pij: linguistic hedge value of ith rule and jth feature. 

(iii) Fuzzification layer: In this layer, a signal corresponding to the degree of fulfilment of the 

fuzzy rule for sample xs is generated at each node. This is called the firing strength of the fuzzy 

rule. For an ith rule, the firing strength is given as:  

𝛽௜௦ = ෑ 𝛼௜௝௦

஽

௝ୀଵ

 (6.8) 

Here, 𝛽௜௦: Firing strength of ith rule, D: No. of features. 

(iv) Defuzzification layer: In this layer, the weighted output of an input sample belonging to a 

particular class is computed. Class weights are large if a rule controls a specific class region. 

The weighted output for a sample s belonging class k is calculated as:  

𝑜௦௞ = ෍ 𝛽௜௦𝑤௜௞

ெ

௜ୀଵ

 (6.9) 

Where, wik: degree of belongingness to class k controlled by ith rule, M: No. of rule. 

(v) Normalization layer: Used to normalize the outputs of the network such that the summation 

of weights does not exceed 1. The value of normalized output is given as:  

ℎ௦௞ =
𝑜௦௞

∑ 𝑜௦௟
௄
௟ୀଵ

 (6.10) 

Where, hsk: normalized value of sth sample, belonging to kth class, K: No. of classes. 

From the CFS having 117 features, on the basis of linguistic hedge values, a total of 27 

optimal features have been selected, thus forming an optimal feature set (OFSLBP)ANFC-LH. The 

relationship between input features and their respective power of LH value is given in Fig. 6.6. 

6.2.5.2. Feature selection using GA-SVM algorithm 

Genetic algorithm (GA) is an evolutionary search procedure inspired by the biological 

evolution model. In GA, the features are represented as binary vectors and the feature search 

space is considered to be an n-dimensional Boolean space. The GA selects a random set of 

individuals from the given population and works towards producing the off-springs for the next 
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generation. Three main operators used in GA are selection, crossover and mutation to create the 

successive generation using current population on the basis of a fitness function. This process 

of fitness dependent selection is repeated multiple times till an optimal solution is found [285]. 

  

Fig. 6.6 The relationship between input features and their respective power of LH value. 

The computed features have been normalized in the range [0, 1] by using min-max 

normalization in order to avoid any bias caused by unbalanced feature values. Firstly, the min-

max normalization procedure has been applied to the feature values in the training set and then 

the same settings have been applied to normalize the feature values in the testing set.  

In the present work, the initial population is defined as a set of 117-bit binary coded 

chromosomes. The fitness of a chromosome is evaluated on the basis of the classification 

accuracy obtained by the SVM classifier. The general schematic of GA-SVM algorithm applied 

to CFS to generate optimal feature set is given in Fig. 6.7. 

 

Fig. 6.7 General schematic for implementation of GA-SVM algorithm. 
Note: CFS: Combined feature set, OFS: Optimal feature set obtained, LBP: Local binary pattern, GA: Genetic 
algorithm, SVM: Support vector machine. 

The different parameters used during the run of GA are Number of variables: 117, 

Population size: 200, Scaling function: Rank, Selection function: Roulette, Crossover function: 
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Single point, Crossover fraction: 0.7, Mutation rate: 0.01. The algorithm terminates when the 

maximum iteration count is reached or no improvement is witnessed in the fitness value. The 

steps followed in GA are given in Fig. 6.8. 

 

Fig. 6.8 Steps followed in the formation of optimal feature set using genetic algorithm. 

  The general schematic indicating the steps followed for building the final SVM model 

using GA-SVM algorithm is given in Fig. 6.9.   

  

Fig. 6.9 The general schematic indicating the steps followed for building the final SVM model using GA-SVM 
algorithm.  
Note: SVM: Support vector machine, OFS: Optimal feature set, GA: Genetic algorithm, LBP: Local binary 
pattern. 
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6.2.5.3. Feature space dimensionality reduction using PCA-SVM algorithm 

The principal component analysis-support vector machine (PCA-SVM) algorithm is 

algorithm is used to find optimal number of principal components (PCs) for designing efficient 

CAD systems for classification [12, 140, 198, 274, 282]. In the present work, the redundant 

features present in CFS, do not provide any significant information for discriminating between 

the breast tumors. Therefore, to remove this redundancy, the features in the CFS are converted 

to optimal attributes using PCA-SVM algorithm. The optimal number of PCs to be retained has 

been decided empirically by conducting recurrent experiments and stepping through first few 

PCs ϵ {2, 3, …,15} to build the classification model [140]. The computed features have been 

normalized in the range [0, 1] by using Z-score normalization in order avoid any bias caused by 

unbalanced feature values. Firstly, the Z-score normalization procedure has been applied to the 

features in the training set and then the same settings have been applied to normalize the 

features in the testing set. The general schematic indicating the steps followed for building the 

final SVM model using PCA-SVM algorithm is given in Fig. 6.10.   

 

Fig. 6.10 The general schematic indicating the steps followed for building the final SVM model using PCA-SVM 
algorithm.  
Note: SVM: Support vector machine, OFS: Optimal feature set, PCA: Principal component algorithm, LBP: 
Local binary pattern. 

6.2.5.4. Feature space dimensionality reduction using SAE-SM algorithm 

The stacked autoencoder with softmax classifier (SAE-SM) is a popular feature space 

dimensionality reduction technique used to find optimal attributes for designing efficient CAD 

systems for classification of medical images [48, 97, 99]. Autoencoders (AE) come under the 

class of generative deep models useful for unsupervised learning. The output of the AE is same 

as the input.  
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Firstly, the AEs compress the input data into a latent space representation and then try to 

reconstruct the output from this representation. Thus an AE can be viewed to have two parts: (i) 

Encoder function, (ii) Decoder function. The general architecture of an AE is given in Fig. 

6.11. 

 

Fig. 6.11 General architecture of an autoencoder. 

The encoder maps the input vector x to another vector y using a transfer function h as 

𝑦 = ℎ(𝑤௜𝑥 + 𝑏௜) (6.11) 

Here, 𝑤௜: weight matrix at encoder side and 𝑏௜: bias vector.  

The function of the decoder is to reconstruct the vector y to estimate the original input vector 

𝑥ᇱ = ℎᇱ(𝑤௝𝑦 + 𝑏௝) (6.12) 

Here, 𝑤௝: weight matrix at decoder side and 𝑏௝: bias vector.  

When the encoding layer’s output is connected to another encoding layer’s input, then the 

resultant architecture is called a stacked autoencoder (SAE), allowing for several layers of 

abstraction. The general architecture of a SAE is given in Fig. 6.12. 
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Fig. 6.12 General architecture of a stacked autoencoder. 

When multiple hidden layers are used, a greedy layer-wise approach is used for 

initializing the hidden layers. This process is called pre-training, wherein the input training data 

trains the first hidden layer. The output from the first hidden layer is then used for training the 

second hidden layer and so on, till all the hidden layers of the network have been trained. 

The hyperparameters of a SAE are the weights and bias of the network, number of hidden 

layers and number of hidden units present in each layer. For getting the final network structure 

used in the present work, a random search was exhaustively used to select the parameters that 

produced the best performance [48, 97, 99]. 

6.2.6. Classification module 

Classification is a learning approach wherein a computer program learns the underlying 

properties of the input data fed to it and on the basis of the gained knowledge, tries to classify 

the new data instances into discrete classes. It has been established that SVM is widely accepted 

for the classification of medical images and mostly performs well in various classification tasks. In the 

present work however, the performance of wide variety of classifiers has been studied for comparison 

purposes. 

6.2.6.1.  Adaptive neuro-fuzzy classifier 

A neuro-fuzzy classifier (NFC) is a combination of neural network classifier and fuzzy 

inference system. The fuzzy inference system uses a set of fuzzy IF-THEN rules that can 

approximate non-linear functions to deal with imprecise problems. The problem with fuzzy 

systems is that they cannot learn from their environment and thus cannot adjust themselves 
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adaptively. This problem is overcome in the neural network which has the capability to self-

organize and learn adaptively from its environment. Thus in the combination of neural network 

and fuzzy inference system, their respective advantages are integrated. Hence the neuro-fuzzy 

classifier has a powerful description capability of fuzzy inference system combined with the 

learning capabilities of neural networks such that the feature space can be easily partitioned 

into classes. The network contains multiple nodes connected to each other by directional links. 

The output of the nodes is dependent on the parameters of the nodes which can be changed 

during network training to reduce the error, hence the network is said to be adaptive and named 

as adaptive neuro-fuzzy classifier (ANFC) [226]. The layer architecture of ANFC used in the 

present work is given in Fig. 6.13. 

 

Fig. 6.13 The layer architecture of ANFC used in the present work. 

During the training of ANFC the center and width values of the Gaussian membership 

function, power value of LHs and weights of the connections between fuzzification and 

defuzzification layer need to be optimized for finding the optimum fuzzy region. In order to 

form the fuzzy IF-THEN rules, the initial parameters are obtained using k-means clustering. 

For the parameter optimization, the scaled conjugate gradient (SCG) algorithm has been used 

as it has shown to produce lowest error rate for the optimization. The computed features have 

been normalized in the range [0, 1] by using min-max normalization in order to avoid any bias 

caused by unbalanced feature values. Firstly, the min-max normalization procedure has been 

applied to the features in the training set and the same settings have then been applied to 

normalize the features in the testing set.  

6.2.6.2.  Support vector machine classifier 

The SVM classifier uses a kernel-based approach to separate the instances into disjoint 

classes using a hyper-plane that maximises the margin between two classes and is less prone to 
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overfitting. In the present work, SVM with GRBF kernel has been utilized that maps the non-

linear data from input feature space to a higher dimensionality feature space [16, 21, 32, 62, 

111, 113, 115, 154, 198, 209, 218, 248, 285-287, 297, 298, 321]. For the implementation of the 

SVM algorithm, LibSVM library has been used [38].  

6.2.6.3.  Softmax classifier 

The softmax classifier is stacked on top of the trained SAE network to represent the class 

labels of the input data [48, 97, 99]. The number of units in the softmax layer equals the 

number of classes in the classification problem. The final network thus formed consists of a 

stack of all the hidden layers and the softmax layer as given in Fig. 6.14. 

 

Fig. 6.14 Architecture of final network made up of SAE with softmax classifier. 
Note: w: weights, b: bias. 

As seen from Fig. 6.14, a SAE with three hidden layers stacked with a softmax classifier 

has been used for classification of breast tumors. The input layer consists of 117 units 

representing the size of the input feature set. The three hidden layers have 100, 50 and 25 nodes 

respectively and the softmax layer consists of 2 units corresponding to the benign and 

malignant classes. The hidden layers and softmax layer was trained for 2000 epochs each. This 

final network is then trained as a whole in a supervised manner to achieve the final 

classification performance. To fine-tune the network and update the parameters, error back-

propagation and scaled conjugate gradient have been used. The computed features have been 

normalized in the range [0, 1] by using min-max normalization in order to avoid any bias 

caused by unbalanced feature values. 

6.3. Experiments and Results 

For evaluating the performance of the CAD system designs for classification of breast 

tumors, exhaustive experiments have been conducted. The description of experiments is shown 

in Table 6.1. 

Table 6.1 Description of experiments for the design of LBP based CAD systems. 

Experiment 1 Design of LBP based CAD system using ANFC-LH for classification of breast tumors. 
Experiment 2 Design of LBP based CAD system using GA-SVM for classification of breast tumors. 
Experiment 3 Design of LBP based CAD system using PCA-SVM for classification of breast tumors. 
Experiment 4 Design of LBP based CAD system using SAE-SM for classification of breast tumors. 

Note: LBP: Local binary pattern, ANFC-LH: Adaptive neuro-fuzzy classifier using linguistic hedges, GA: 
Genetic algorithm, SVM: Support vector machine, PCA: Principal component analysis, SAE: Stacked 
autoencoder, SM: Softmax. 
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6.3.1. Experiment 1: Design of LBP based CAD system using ANFC-LH algorithm for 
classification of breast tumors 

In this experiment, the CFS (117) containing both texture and morphological features is 

subjected to a feature selection method using ANFC-LH algorithm, generating an optimal 

feature set (OFSLBP)ANFC-LH (27) that is further fed to the ANFC for differentiating between the 

benign and malignant breast tumor types. The classification results obtained for LBP based 

CAD system using ANFC-LH algorithm are shown in Table 6.2. 

Table 6.2 Classification results obtained for LBP based CAD system using ANFC-LH algorithm. 

CAD system (FS: l) CM Accuracy (%) ICA_B (%) ICA_M (%) 
  B M    
LBP based CAD system using ANFC-LH 
((OFSLBP)ANFC-LH : 27) 

B 19 2 
96.0 90.4 100 

M 0 30 

Note: FS: Feature set, l: Length of feature vector in OFS, OFS: Optimal feature set, LBP: Local binary pattern, 
ANFC-LH: Adaptive neuro-fuzzy classifier using linguistic hedges, CM: Confusion matrix, ICA: Individual 
class accuracy, B: Benign class, M: Malignant class. 

From Table 6.2 it can be noted that using OFS consisting of 27 optimal features obtained 

by applying ANFC-LH to CFS consisting of 104 selected LBP based texture features and 13 

morphological features yielded an accuracy of 96.0 %. The individual class accuracy (ICA) 

value for the benign class is 90.4 % while for malignant class the ICA value is 100 %. It is 

worth noting that out of 51 instances in the testing set, only 2 benign instances have been 

incorrectly classified while all the malignant cases have been classified correctly. 

6.3.2. Experiment 2: Design of LBP based CAD system using GA-SVM algorithm for 
classification of breast tumors 

In this experiment, the CFS (117) containing both texture and morphological features is 

subjected to a feature selection method using GA-SVM algorithm, generating an optimal 

feature set (OFSLBP)GA-SVM (65) that is fed to the SVM classifier for differentiating between the 

benign and malignant breast tumor types. The classification results obtained for LBP based 

CAD system using GA-SVM algorithm are shown in Table 6.3. 

Table 6.3 Classification results obtained for LBP based CAD system using GA-SVM algorithm. 

CAD system (FS: l) CM Accuracy (%) ICA_B (%) ICA_M (%) 
  B M    
LBP based CAD system using GA-SVM 
((OFSLBP)GA-SVM : 65) 

B 19 2 
92.2 90.4 93.3 

M 2 28 

Note: FS: Feature set, l: Length of feature vector in OFS, OFS: Optimal feature set, LBP: Local binary pattern,  
GA: Genetic algorithm, SVM: Support vector machine, CM: Confusion matrix, ICA: Individual class accuracy, 
B: Benign class, M: Malignant class,  

From Table 6.3, it can be noted that using OFS consisting of 65 optimal features obtained 

by applying GA-SVM to CFS consisting of 104 selected LBP based texture features and 13 

morphological features yielded an accuracy of 92.2 %. The ICA value for benign class is 
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90.4 % while for the malignant class the ICA value is 93.3 %. Out of 51 instances in the testing 

dataset, 4 instances have been incorrectly classified. 

6.3.3. Experiment 3: Design of LBP based CAD system using PCA-SVM algorithm for 
classification of breast tumors 

In this experiment, the CFS (117) containing both texture and morphological features is 

subjected to a feature space dimensionality reduction method by using PCA-SVM algorithm, 

generating an optimal feature set (OFSLBP)PCA-SVM (14). The obtained optimal PCs are then 

further used to train an SVM classifier for differentiating between the benign and malignant 

breast tumor types. The classification results obtained for LBP based CAD system using PCA-

SVM algorithm are shown in Table 6.4.  

Table 6.4 Classification results obtained for LBP based CAD system using PCA-SVM algorithm. 

CAD system (FS: l) CM Accuracy (%) ICA_B (%) ICA_M (%) 
  B M    
LBP based CAD system using PCA-SVM 
((OFSLBP)PCA-SVM : 14) 

B 19 2 
94.1 90.4 96.6 

M 1 29 

Note: FS: Feature set, l: No. of optimal PCs, OFS: Optimal feature set, LBP: Local binary pattern, CM: 
Confusion matrix, ICA: Individual class accuracy, PCA: Principal component analysis, SVM: Support vector 
machine, B: Benign class, M: Malignant class. 

From Table 6.4 it can be observed that using OFS consisting of 14 optimal PCs obtained 

by applying PCA-SVM to CFS consisting of 104 selected LBP based texture features and 13 

morphological features yielded an accuracy of 94.1 %. The ICA value for benign class is 

90.4 % while for the malignant class the ICA value is 96.6 %. Out of 51 instances in the testing 

set, 3 instances have been incorrectly classified. 

6.3.4. Experiment 4: Design of LBP based CAD system using SAE-SM algorithm for 
classification of  breast tumors 

In this experiment, the CFS (117) containing both texture and morphological features is 

subjected to a feature space dimensionality reduction method using SAE-SM algorithm, 

generating an optimal feature set (OFSLBP)SAE-SM (25) that is used to train a softmax classifier 

for differentiating between the benign and malignant breast tumor types. The classification 

results obtained for LBP based CAD system using SAE-SM algorithm are shown in Table 6.5. 

Table 6.5 Classification results obtained for LBP based CAD system using SAE-SM algorithm. 

CAD system (FS: l) CM Accuracy (%) ICA_B (%) ICA_M (%) 
  B M    
LBP based CAD system using SAE-SM 
((OFSLBP)SAE-SM : 25) 

B 17 4 
92.2 80.9 100 

M 0 30 

Note: FS: Feature set, l: No. of optimal attributes, OFS: Optimal feature set, LBP: Local binary pattern, CM: 
Confusion matrix, ICA: Individual class accuracy, SAE: Stacked autoencoder, SM: Softmax, B: Benign class, 
M: Malignant class. 
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From Table 6.5 it can be observed that using OFS consisting of 22 optimal attributes 

obtained by applying SAE-SM to CFS consisting of 104 selected LBP based texture features 

and 13 morphological features yielded an accuracy of 92.2 %. The ICA value for the benign 

class is 80.9 % while for malignant class the ICA value is 100 %. Out of 51 instances in the 

testing set, 4 benign instances have been incorrectly classified while all the malignant cases 

have been classified correctly. 

6.3.5. Comparative analysis of the results obtained by LBP based CAD system designs 
for classification of breast tumors 

In the present work, the performance of four different LBP based CAD systems using (a) 

ANFC-LH algorithm, (b) GA-SVM algorithm, (c) PCA-SVM algorithm and (d) SAE-SM 

algorithm has been compared for classification of breast tumors. The comparative analysis 

of results obtained by LBP based CAD system designs for classification of breast tumors is 

given in Table 6.6. 

Table 6.6 Comparative analysis of results obtained by LBP based CAD system designs for classification of 
breast tumors. 

CAD system (FS: l) CM Accuracy (%) ICA_B (%) ICA_M (%) 
  B M    
LBP based CAD system using ANFC-LH 
((OFSLBP)ANFC-LH: 27) 

B 19 2 
96.0 90.4 100 

M 0 30 
LBP based CAD system using GA-SVM 
((OFSLBP)GA-SVM : 65) 

B 19 2 
92.2 90.4 93.3 

M 2 28 
LBP based CAD system using PCA-SVM 
((OFSLBP)PCA-SVM : 14) 

B 19 2 
94.1 90.4 96.6 

M 1 29 
LBP based CAD system using SAE-SM 
((OFSLBP)SAE-SM : 25) 

B 17 4 
92.2 80.9 100 

M 0 30 

Note: FS: Feature set, l: Length of feature vectors in OFS, OFS: Optimal feature set, LBP: Local binary pattern, 
ANFC-LH: Adaptive neuro-fuzzy classifier using linguistic hedges, GA: Genetic algorithm, SVM: Support 
vector machine, PCA: Principal component analysis, SAE: Stacked autoencoder, SM: Softmax, B: Benign 
class, M: Malignant class, CM: Confusion matrix, ICA: Individual class accuracy.     
    The shaded grey region indicates the optimal LBP based CAD system using ANFC-LH algorithm for 
classification of breast tumors 

From the comparative analysis of the results presented in Table 6.6, it can be noted that 

highest accuracy of 96.0 % has been achieved by LBP based CAD system using ANFC-LH 

algorithm for classification of breast tumors with the ICA values of benign and malignant 

classes being 90.4 % and 100%, respectively. The next highest accuracy of 94.1 % has been 

achieved by LBP based CAD system using PCA-SVM algorithm. Comparable classification 

accuracy of 92.2 % has been obtained for the other two LBP based CAD system designs with 

the difference being in the ICA values for benign and malignant classes.  
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The performance of LBP based CAD system designs implemented in the present work 

has been represented pictorially in terms of ROC curves along with their AUC values as given 

in Fig. 6.15. 

 

Fig. 6.15 ROC curves for LBP based CAD system designs implemented in the preset work along with their 
AUC values. 

The optimal LBP based CAD system design for classification of breast tumors is given in 

Fig. 6.16. 

 

Fig. 6.16 Optimal LBP based CAD system design for classification of breast tumors. 
Note: DPAD: Detail preserving anisotropic diffusion, LBP: Local binary pattern, TFS: Texture feature set, 
MFS: Morphological feature set, CrFS: Correlation based feature selection, RTFS: Reduced texture feature set, 
CFS: Combined feature set, ANFC-LH: Adaptive neuro-fuzzy classifier, OFS: Optimal feature set. 

6.4. Concluding Remarks 

From the results of the experiments conducted for designing an efficient LBP based CAD 

system for classification of breast tumors, it is noted that CAD system based on ANFC-LH 
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algorithm utilizing LBP based texture features extracted from original ultrasound images and 

morphological features extracted from images despeckled by DPAD filter yielded the highest 

accuracy of 96.0 % with an ICA value of 100 % for malignant class. The present CAD system 

design is different from the other related studies as:  The LBP based texture features have found 

extensive use in medical images for the efficient texture description however for the analysis of 

breast ultrasound images, the potential of a combination of these LBP based texture features 

with morphological features remains to be tested. Therefore, in the present work CAD systems 

based on different optimal feature sets that are composed of the LBP based texture features 

combined with the morphological features have been experimented.  

The overall performance of the conventional CAD system designs heavily depends upon 

feature engineering stage to compute effective features for obtaining satisfactory results. The 

inputs from medical fraternity are desired in order to decide upon the set of optimal features 

which should be extracted from the images for differential diagnosis between abnormalities. 

These hand-crafted features are not robust to the variations in shape, size and orientation of the 

tumors resulting in lower sensitivity. Thus deep feature extraction and classification of breast 

ultrasound images have recently gained attention from research community. In order to explore 

the potential of different deep learning algorithms for classification of breast tumors, different 

convolutional neural network (CNN) based CAD systems have been designed and discussed in 

Chapter-7.  
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Chapter 7 

Convolutional Neural Network based CAD System 
Designs for Classification of Breast Tumors 

7.1. Introduction  

For timely detection of breast cancer, different conventional computer-aided diagnostic 

(CAD) system designs based on machine learning techniques have been developed which 

involve the steps of feature extraction, feature selection and classification [57, 68, 74, 90, 191, 

199, 319]. The deep networks come with an advantage of directly learning the representative 

features from the images. Convolutional neural networks (CNNs) have been widely used for 

analysing medical images (detection, segmentation and classification of abnormalities) because 

of the associated advantage of automatic learning and computing underlying global/local 

texture and shape features from the medical images, through series of convolution and pooling 

layers thus eliminating the need of feature engineering stage [4, 178, 225, 243]. However, these 

networks are difficult to train from scratch if the representative training data is small in size. 

Therefore transfer learning approach for classification of medical images has been used [31, 34, 

49, 75, 92, 93, 207, 234]. 

Han et al. used pre-trained GoogLeNet CNN model for classification of a total of 7408 

breast tumor ultrasound images. In [92] the authors used full images as input to the network 

achieving an accuracy of 91.0 % while in [93] manually extracted ROIs were used as inputs to 

the network achieving an accuracy of 90.4 %. 

 Xiao et al. [294] reported the use of pre-trained InceptionV3 CNN model, self-designed 

CNN model, and a hybrid method where features computed from ResNet-50, Xception and 

Inceptionv3 models were fed to neural network (NN) classifier for classification of benign and 

malignant breast tumors.  

Fujioka et al. [75] also attempted to classify 120 breast tumors using a pre-trained 

GoogLeNet CNN model.  

Byra et al. [29] computed a deep feature set from VGG-19 CNN model for classification 

of 882 breast ultrasound images using support vector machine (SVM) classifier. 

Zhang et al. [312] used stacked convolutional autoencoder (SCAE) model for 

classification 295 breast ultrasound images pre-processed using distance transformation 

coupled Gaussian filter (DTGF) and segmented using watershed transform. 



118 
 

Most of the studies using deep learning models have been carried out either on full size 

images or manually extracted ROIs while very few studies have reported the use of segmented 

tumor images for classification of breast tumors. It is also worth noting that the studies have 

either been carried out on original images only or pre-processed images only. In the present 

work, for the segmentation of tumor images both original images and images despeckled by 

detail preserving anisotropic diffusion (DPAD) filter have been used such that the shape 

characteristics of tumor are taken from the despeckled images while texture information has 

been retained by using the original images [144]. 

7.2. Dataset Generation 

 The workflow adopted for generation of dataset for CNN based CAD system designs 

used for classification of breast tumors is given in Fig. 7.1. 

7.2.1. Pre-processing Module 

7.2.1.1. Pre-processing stage-1: Despeckle filtering 

The quality of the ultrasound image is deteriorated because of the presence of speckle 

noise and low contrast because of which the computer-assisted segmentation becomes a little 

difficult as the edges of the tumor are sometimes not clearly indicated and masked thus making 

the margin of the tumor unclear. As validated in Chapter 3 and Chapter 4, the morphological 

characteristics of breast tumors are better exhibited by images filtered by DPAD despeckle 

filtering algorithm resulting in adequate segmentation of tumor contour for both benign and 

malignant tumors. Accordingly, in the present work DPAD filter has been used to pre-process 

the breast ultrasound images.  

7.2.1.2.  Pre-processing stage-2: Tumor segmentation 

For obtaining the tumor boundary/contour the images despeckled by DPAD filter have 

been used, as the shape characteristics of the tumor are better represented in despeckled images 

than in original images. The despeckled images have been subjected to Chan and Vese active 

contour method. The output of the segmentation algorithm is a binary image with the desired 

tumor region indicated in white (tumor mask). This tumor mask thus obtained from the DPAD 

filtered images is superimposed on the original images to retain the original texture resulting in 

the formation of segmented tumor image. 

7.2.1.3. Pre-processing stage-3: Image resizing 

The deep learning architectures accept images of a fixed pre-defined size, therefore 

before feeding the images to the deep learning network for analysis, the images are resized to 

the appropriate size matching the input layer of the deep network. It is also noteworthy that for 
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the characterization of breast tumors, the shape of the tumor is also considered to be an 

important diagnostic criteria and directly resizing the image without maintaining the aspect 

ratio to match the desired network size sometimes distorts the shape of the tumor compared to 

original image. 

 

Fig. 7.1 The workflow followed for generation of dataset for CNN based CAD system designs used for 
classification of breast tumors. 

Therefore, in the present work segmented tumor images have been resized to match the 

input size of the network architecture by preserving their aspect ratio. The procedure followed 

for the image resizing is given in Fig. 7.2. 



120 
 

 

Fig. 7.2 Image resizing. 
Note: LA: Actual length, BA: Actual breadth, LD: Desired length, BD: Desired breadth. 

For generating square shaped resized tumor images while maintaining the aspect ratio, 

the first step is to scale the smaller side of the original image to desired size thereby obtaining 

an intermediate image. Then from this intermediate image crop of desired size from longer side 

is taken. Let original image has size LA × BA, with LA> BA, then in the first step, the breadth of 

the image is scaled to the desired size BD, resulting in the formation of an intermediate image 

having size LA × BD. Then from this intermediate image, the length LA can be cropped to 

desired size LD, thus generating the resized square image having size LD × BD, with LD = BD. 

7.2.2. Data augmentation module 

The size of the dataset affects the performance of deep learning algorithm. In case there is 

limited amount of data, various data augmentation techniques can be applied for increasing the 

number of representative images [79, 189, 278]. Data augmentation is a technique used for 

virtually increasing the number of samples present in the dataset by using the existing data. A 

variety of techniques can be applied to the images for augmentation purposes e.g. geometrical 

transformations, random cropping, changing the contrast of image, adding noise to the image, 

and colour jittering etc. The advantages of data augmentation are: (i) Generation of new data 

from the existing data without changing its label information. (ii) Overfitting in deep learning 

occurs when a model achieves a good accuracy on training data however performs poorly for 

the new unseen data. Overfitting can be reduced by increasing the amount of training data 
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provided to the model. Thus data augmentation contributes to reduce overfitting. (iii) Provides 

implicit regularization. (iv) During data augmentation, the existing image data is transformed 

using different geometric and photometric transformation methods. This makes the network 

invariant to the applied transformations (i.e. translations, size of object, illumination, 

orientation etc.) thus increasing the robustness of the deep learning model. (v) In case of 

imbalanced dataset, data augmentation can be used to balance the data.  

Depending upon the type of tissue to be examined, the underlying features of the 

abnormal region i.e. either only texture or texture and shape or texture, shape and colour 

information are considered clinically significant for the diagnosis. For the augmentation of 

breast ultrasound images, geometric transformations have been widely used [29, 30, 92, 93, 

294, 311]. However, these transformations should be carefully selected such that both texture 

and shape information is preserved. Accordingly, in the present work, rotation, translation and 

flipping have been selected for augmenting the images as by the application of these techniques 

the texture as well as shape of the tumor remains preserved. The sample benign and malignant 

tumor images selected from the dataset along with their augmented versions are given in Fig. 

7.3 and Fig. 7.4, respectively. 

 

Fig. 7.3 Sample benign images indicating (a) Segmented tumor image, (b) Translated tumor image, (c) 
Translated tumor image flipped vertically, (d) Translated tumor image flipped horizontally, (e) Rotated tumor 
image, (f) Rotated tumor image flipped vertically, (g) Rotated tumor image flipped horizontally. 

 

 

Fig. 7.4 Sample malignant images indicating (a) Segmented tumor image, (b) Translated tumor image, (c) 
Translated tumor image flipped vertically, (d) Rotated tumor image, (e) Rotated tumor image flipped vertically. 
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The augmentation techniques have been differently applied to benign and malignant 

tumors for balancing the dataset. The augmentation scheme applied to benign and malignant 

tumor images is given in Fig. 7.5. 

 

Fig. 7.5 Augmentation scheme applied to benign and malignant tumor images. 
Note: NTB: Number of translated benign tumor images, NTBH: Number of translated benign tumor images 
flipped horizontally, NTBV: Number of translated benign tumor images flipped vertically, NRB: Number of 
rotated benign tumor images, NRBH: Number of rotated benign tumor images flipped horizontally, NRBV: 
Number of benign rotated tumor images flipped vertically, NTM: Number of translated malignant tumor images, 
NTMH: Number of translated malignant tumor images flipped horizontally, NTMV: Number of translated 
malignant tumor images flipped vertically, NRM: Number of rotated malignant tumor images, NRMH: Number of 
rotated malignant tumor images flipped horizontally, NRMV: Number of malignant rotated tumor images flipped 
vertically. 
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7.2.3. Dataset bifurcation 

For carrying out the present work, the dataset has been bifurcated into three subsets i.e. 

training, validation and testing. The schematic diagram indicating the dataset bifurcation is 

given in Fig. 7.6.  

 

Fig. 7.6 Schematic diagram indicating the dataset bifurcation. 
Note: B: Benign, M: Malignant. 

Initially whole dataset has been bifurcated into training and testing sets using a 50/50 

split. Data augmentation techniques have been applied to the images in the training set in order 

to increase the number of representative cases as well as balance the number of images in both 

the classes. From the augmented dataset, 10 % of the data is selected for validation purposes.  

7.3. Convolutional Neural Network based CAD System Designs 

Over the years, CNN based CAD system designs have been used for classification of 

medical images [4, 31, 49, 100, 178, 207, 234, 243, 258, 260, 278, 284]. For classification of 

breast ultrasound images, various attempts have been made by using either pre-trained CNN 

models or self-designed CNN models as end-to-end networks [56, 92, 93, 294] or as feature 

extractors [29, 294]. 
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The CNNs have a layered architecture to represent high level abstraction in data. The 

different CNN layers are (a) convolution, (b) activation, (c) pooling, (d) fully connected and (e) 

softmax. The CNNs are able to recognize the underlying visual patterns of an input image by 

learning the local and global image features through training. Transfer learning and fine-tuning 

approaches are more prevalently used for the analysis and classification of medical images 

[145, 225, 262, 284, 307, 322]. Transfer learning is a training strategy wherein, a network 

developed and trained for one task is reused for another task i.e. a source network is trained on 

a source dataset for a task and the learned weights are then transferred to a second network to 

be trained on a target dataset for a target task [225, 284, 307]. In case of fine-tuning, the new 

dataset is used to adjust the parameters of the pre-trained network considering that the new 

dataset is similar to the original dataset [145, 262, 322]. The diagram illustrating the transfer 

learning approach is indicated in Fig. 7.7. 

 

Fig. 7.7 Transfer learning approach. 

The basic layers of a convolution neural network are described as follows: 

(a) Convolution layer: These layers are the feature extractors as they learn feature 

representations from the input images. The inputs are convolved with the learnable weights of 

the convolution layer to form an output feature map. The output of the neurons is computed 

using the dot product between weights and a small region in the input image to which they are 

connected. An example indicating the convolution operation is given in Fig. 7.8. 

(b) Activation layer: These layers are used to apply the non-linearity to the input so that it can 

learn and perform complex tasks. The activation function decides whether a particular neuron 

should be activated or not. The most commonly used activation functions used in the deep 
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learning models are sigmoid, tanh, rectified linear unit (ReLU) and its variants like leaky ReLU 

(LReLU), parametric ReLU (PReLU) and exponential linear unit (ELU). The different 

activation functions used are given in Fig. 7.9. 

 

Fig. 7.8 Convolution operation. 

 

 

Fig. 7.9 Activation functions used in deep learning. (a) Sigmoid, (b) tanh, (c) ReLU, (d) LReLU, (e) PReLU, 
(f) ELU.  

(c) Pooling layer: These layers are used to reduce the spatial dimension of the input so as to 

reduce the number of network parameters and computations to be performed. Also due to the 

reduced spatial resolution, the pooling layers are able to achieve spatial invariance to 

translations and input distortions. The most common pooling operations are average pooling 

and maximum pooling. An example indicating the pooling operation is given in Fig. 7.10. 
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Fig. 7.10 Pooling operation. (a) Maximum pooling, (b) Average pooling. 
Note: max: maximum, avg: average. 

(d) Fully connected layer: These layers are used to flatten and aggregate all the information 

from the previous layers to a 1D vector. The fully connected layers interpret the feature 

representations extracted by the convolution and pooling layers. The 1D data then acts as the 

input to the neuron of the last fully connected layer which performs a dot product of this input 

data and the neuron’s weights to produce a single number as output. 

(e) Softmax layer: This layer is the last layer of the deep learning network yielding the actual 

probability scores of each class.  

In the present work the popularly used CNN models namely GoogLeNet, VGG-19 and 

ResNet-18 have been used on the basis of comprehensive literature survey while their 

performance has also been compared to a compressed network SqueezeNet which is said to use 

lesser parameters. 

7.4. Experimental Workflow : CNN based CAD System Designs for 
Classification of Breast Tumors  

The experimental workflow followed in the present work for the design of CNN based 

CAD systems for classification of breast tumors is given in Fig. 7.11. 

From Fig 7.11 it can be observed that to design an efficient CNN based CAD system for 

classification of breast tumors exhaustive experiments have been carried out in the present 

work. These experiments are described as: (a) Design of CNN based CAD system using 

GoogLeNet model, (b) Design of CNN based CAD system using VGG-19 model, (c) Design of 

CNN based CAD system using ResNet-18 model, (d) Design of CNN based CAD system using 

SqueezeNet model and (e) Design of CNN based CAD system using GoogLeNet model as 

feature extractor and ANFC classifier.  
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Fig. 7.11 Experimental workflow followed for the design of CNN based CAD systems for classification of 
breast tumors.     The shaded grey region indicates the optimal CNN based CAD system for classification of 
breast tumors.  

Note: CNN: Convolutional neural network, GAP: Global average pooling, ODFSGoogLeNet: Optimal deep 
feature set obtained by applying correlation based feature selection followed by ANFC-LH algorithm to 
DFSGoogLeNet, ANFC-LH: Adaptive neuro-fuzzy classifier using linguistic hedges. 



128 
 

7.4.1. Design of CNN based CAD system using GoogLeNet model 

The GoogLeNet architecture was proposed by Szegedy et al. [261] and the winner of 

ILSVRC 2014. The GoogLeNet CNN model has been used in the analysis of medical images 

[100, 160, 260, 277] particularly for breast ultrasound images [75, 92, 93]. In the present work, 

source GoogLeNet CNN model trained on ImageNet data has been retrained and fine-tuned 

using the augmented training and validation datasets consisting of segmented breast ultrasound 

tumor images to obtain the target GoogLeNet CNN model. The architecture of GoogLeNet 

CNN model and configuration of an inception module is given in Fig. 7.12.  

 

Fig. 7.12 Architecture of GoogLeNet CNN model and configuration of an inception module. 
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GoogLeNet CNN model introduces the concept of 1 × 1 convolutions, global average 

pooling (GAP) and inception module. In this network, 1 × 1 convolution is used for dimension 

reduction to reduce computational bottlenecks. The GAP layer is used instead of fully 

connected layers to reduce the computation cost of the network as there are no trainable 

weights in a GAP layer. Nine inception modules have been used in the middle of the network. 

The inception network is a combination of all the convolutions (1 × 1, 3 × 3, 5 × 5) with the 

final output being the concatenation of the result of each convolution. The inception modules 

were introduced to overcome the variation in the location information of an object in the image 

which requires the selection of right kernel size. 

7.4.2. Design of CNN based CAD system using VGG-19 model 

The VGGNet CNN model was developed by the visual geometry group of the University 

of Oxford and the runner-up of ILSVRC 2014 [250]. The VGGNet CNN model and its variants 

have been used in the analysis of medical images [4, 49, 260, 277, 284, 307] particularly for 

breast ultrasound images [28-30].  

In the present work, source VGG-19 CNN model trained on ImageNet data has been 

retrained and fine-tuned using the augmented training and validation datasets consisting of 

segmented breast ultrasound tumor images to obtain the target VGG-19 CNN model. The 

architecture of VGG-19 CNN model is given in Fig. 7.13.  

The model is built entirely upon the use of 3 × 3 convolutional filters instead of large size 

filters used in AlexNet or GoogLeNet. It has been shown that by replacing larger filters with a 

group of 3 × 3 filters results in the same receptive field being covered by the larger filter size 

however, the number of parameters required has been reduced which in turn results in faster 

convergence and reduced overfitting [250]. 

7.4.3. Design of CNN based CAD system using ResNet-18 model 

The residual networks were introduced by He et al. in the year 2015 [98]. The ResNet 

CNN model and its variants have been used in the analysis of medical images [260, 277, 284, 

307] particularly for breast ultrasound images [294, 295].  

In the present work, source ResNet-18 CNN model trained on ImageNet data has been 

retrained and fine-tuned using the augmented training and validation datasets consisting of 

segmented breast ultrasound tumor images to obtain the target ResNet-18 CNN model. The 

architecture of ResNet-18 CNN model and configuration of residual blocks is given in Fig. 

7.14. 
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Fig. 7.13 Architecture of VGG-19 CNN model. 

The main idea behind ResNet CNN model is the introduction of identity shortcut 

connections by jumping over one or more layers. These shortcut connections were introduced 

in order to overcome the problem of vanishing gradient in deep networks by reusing the 

previous layer activations.  
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Fig. 7.14 Architecture of ResNet-18 CNN model and configuration of residual blocks. 

7.4.4. Design of CNN based CAD system using SqueezeNet model 

The network was introduced in 2016 by the researchers at DeepScale, University of 

California, Berkeley and Stanford [116]. It was designed with an aim to create networks with 

lesser parameters thus requiring less storage space and transmission bandwidth. The 

SqueezeNet CNN model has been used in the analysis of medical images [222, 227, 275]. In 

the present work, source SqueezeNet CNN model trained on ImageNet data has been retrained 

and fine-tuned using the augmented training and validation datasets consisting of segmented 
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breast ultrasound tumor images to obtain the target SqueezeNet CNN model. The architecture 

of SqueezeNet CNN model and configuration of fire module is given in Fig. 7.15. 

 

Fig. 7.15 Architecture of SqueezeNet CNN model and configuration of fire module. 

The SqueezeNet CNN model is composed of fire modules which consists of a squeeze 

layer and an expand layer. The squeeze layer is entirely made up of 1 × 1 convolutions while 

the expand layer is made up of a combination of 1 × 1 and 3 × 3 convolutions. A total of 8 fire 

modules are used in the SqueezeNet architecture. It has been validated that SqueezeNet CNN 

model achieved same accuracy as that of AlexNet CNN model with lesser parameters and 

faster training time.  



133 
 

7.4.5. Design of CNN based CAD system using GoogLeNet model as feature extractor 
and ANFC classifier 

In this experiment the performance of target GoogLeNet CNN model has been evaluated 

as feature extractor and the computed deep feature set has been fed to an adaptive neuro-fuzzy 

classifier (ANFC) for classification of breast tumors. 

7.4.5.1.  Deep feature extraction and feature set partitioning 

For extracting the deep features to be used for classification of breast tumors, the GAP 

layer of target GoogLeNet CNN model has been used. The breast ultrasound tumor image 

dataset has been fed to the target GoogLeNet CNN model and for each image a deep feature 

vector consisting of 1024 features has been computed. All these deep feature vectors have been 

combined to form a deep feature set (DFS). This DFS has then been partitioned into training 

and testing set used further for classification of breast tumors. 

7.4.5.2.  Feature selection 

The computed feature set sometimes contains a large number of features which may be 

redundant and can negatively affect the classification performance of the CAD systems. Thus, 

the selection of relevant features is a pre-requisite for the design of efficient CAD systems. For 

this experiment a 2-stage feature selection process has been followed. In the 1st stage, 

correlation based feature selection (CrFS) has been applied to the computed deep feature set to 

remove the correlated features thus generating a reduced deep feature set (RDFS). This reduced 

feature set has further been subjected to a fuzzy feature selection technique, adaptive neuro-

fuzzy classifier using linguistic hedges (ANFC-LH) for finding out an optimal deep feature set 

(ODFS). 

(a) Correlation based feature selection: In correlation based feature selection, best subset of 

features is selected based on the value of correlation coefficient. The selection criterion is based 

on the fact that the features are uncorrelated to each other but are highly correlated to the class 

[184]. From the DFS having 1024 features, after the application of CrFS a total of 60 features 

have been selected forming the RDFS. 

(b) Feature selection using ANFC-LH algorithm: In the present work, a fuzzy feature selection 

method based on the linguistic hedges (LHs) has been implemented for breast tumor 

characterization using ultrasound images [226, 309]. From the RDFS having 60 features, on the 

basis of linguistic hedge values, after the application of ANFC-LH algorithm a total of 22 

optimal features have been selected forming an ODFS. The relationship between input features 

and their respective power of LH value is represented in Fig. 7.16. 
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Fig. 7.16 The relationship between input features and their respective power of LH value. 

7.4.5.3.  Adaptive neuro-fuzzy classifier 

For classification of breast tumors, the computed ODFS has been fed to the ANFC 

classifier. The computed features have been normalized in the range [0, 1] by using min-max 

normalization in order to avoid any bias caused by unbalanced feature values. Firstly, the min-

max normalization procedure has been applied to the features in the training set and the same 

settings have then been applied to normalize the features in the testing set. The layer 

architecture of ANFC used in the present work is given in Fig. 7.17.  

 

Fig. 7.17 The layer architecture of ANFC used in the present work. 

7.4.6.  Implementation details 

In the present work the deep network training was implemented using pre-trained deep learning 

models available in the Deep learning toolbox of MATLAB R2018b. The entire image dataset 

was stored on a 64-bit windows 10 PC with Intel (R) Core (TM) i7-4790 CPU@3.6 GHz 

processor and NVIDIA 1650TI GPU with 890 CUDA cores. The pre-trained networks were 
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retrained and fine-tuned on augmented training and validation sets consisting of segmented 

breast ultrasound tumor images. The networks were trained using Adam as the optimizer at 

learning rates varying in the range {10-3, 10-4, 10-5, 10-6} and a mini-batch size of 48. The size 

of mini-batch was selected with care such that it evenly divides the number of images in the 

augmented training data such that whole dataset was to be passed through the network every 

epoch during training and no data is discarded. To avoid the discarding of same data, the option 

for data shuffling to be specified in the training options was set to ‘every-epoch’ in case the 

mini-batch size does not evenly divide the training and validation datasets. The networks were 

trained for 100 epochs. To avoid overfitting, an early stopping criterion was used in case the 

performance of the model starts degrading on the validation set (i.e. validation loss begins to 

increase or accuracy begins to decrease). 

As studied from the exhaustive literature review of the related studies the best network 

and the activation function varies in different classification tasks. For the present classification 

task, i.e. classification of segmented breast ultrasound images, transfer learning approach has 

been used thus the base GoogLeNet model with ReLU as activation function has been used to 

extract the deep features. Also exhaustive experiments were carried out to find an ideal 

optimizer to train the deep network and it was found that the deep features computed using the 

GoogLeNet model trained with Adam optimizer when fed to ANFC-LH classifier, yielded best 

classification performance. 

7.5. Experiments and Results 

For evaluating the performance of CAD systems designed for classification of breast 

tumors, exhaustive experiments have been conducted as described in Table 7.1. 

Table 7.1 Description of the experiments for the design of CNN based CAD systems. 

Experiment 1 
Design of CNN based CAD system using GoogLeNet model for classification of breast 
tumors. 

Experiment 2 Design of CNN based CAD system using VGG-19 model for classification of breast tumors. 

Experiment 3 
Design of CNN based CAD system using ResNet-18 model for classification of breast 
tumors. 

Experiment 4 
Design of CNN based CAD system using SqueezeNet model for classification of breast 
tumors. 

Experiment 5 
Design of CNN based CAD system using GoogLeNet model as feature extractor and ANFC 
classifier for classification of breast tumors. 

Note: CNN: Convolutional neural network, CAD: Computer aided diagnostic, ANFC: Adaptive neuro-fuzzy 
classifier. 

7.5.1. Experiment 1: Design of CNN based CAD system using GoogLeNet model for 
classification of breast tumors  

In this experiment, a pre-trained GoogLeNet CNN model has been retrained and fine-

tuned on breast ultrasound images using the augmented training and validation sets to obtain a 
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target GoogLeNet CNN model. The results obtained by projecting the testing set to this target 

GoogLeNet CNN model are represented in Table 7.2. 

Table 7.2 Classification results of CNN based CAD system using GoogLeNet model for classification of breast 
tumors. 

CAD system (DFS : l) CM Accuracy (%) ICA_B (%) ICA_M (%) 
  B M    

CNN based CAD system (DFSGoogLeNet : 1024) 
B 19 2 

94.1 90.4 96.6 
M 1 29 

Note: DFS: Deep feature set, l: Length of feature vector in DFS, CNN: Convolutional neural network, CM: 
Confusion matrix, ICA: Individual class accuracy, B: Benign, M: Malignant. 

From the results shown in Table 7.2, it can be noted that the target GoogLeNet CNN 

model yielded an accuracy of 94.1 % for differentiating between benign and malignant tumor 

types. The individual class accuracy (ICA) value of benign class is 90.4 % and the ICA value 

obtained for malignant class is 96.6 %. Out of the total 51 instances in the testing set, 3 

instances have been incorrectly classified out of which 2 instances belong to benign class and 1 

instance belongs to the malignant class. 

7.5.2. Experiment 2: Design of CNN based CAD system using VGG-19 model for 
classification of breast tumors 

In this experiment, a pre-trained VGG-19 CNN model has been retrained and fine-tuned 

on breast ultrasound images using the augmented training and validation sets to obtain a target 

VGG-19 CNN model. The results obtained by projecting the testing set to this target VGG-19 

CNN model are represented in Table 7.3. 

Table 7.3 Classification results of CNN based CAD system using VGG-19 model for classification of breast 
tumors. 

CAD system (DFS : l) CM Accuracy (%) ICA_B (%) ICA_M (%) 
  B M    

CNN based CAD system (DFSVGG-19 : 2048) 
B 18 3 

90.2 85.7 93.3 
M 2 28 

Note: DFS: Deep feature set, l: Length of feature vectors in DFS, CNN: Convolutional neural network, CM: 
Confusion matrix, ICA: Individual class accuracy, B: Benign, M: Malignant. 

From the results shown in Table 7.3, it can be noted that the target VGG-19 CNN model 

yielded an accuracy of 90.2 % for differentiating between benign and malignant tumor types. 

The ICA value of benign class is 85.7 % and the ICA value obtained for malignant class is 

93.3 %. Out of the total 51 instances in the testing set, 5 instances have been incorrectly 

classified out of which 3 instances belong to benign class and 2 instance belongs to the 

malignant class. 

7.5.3. Experiment 3: Design of CNN based CAD system using ResNet-18 model for 
classification of breast tumors 
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In this experiment a pre-trained ResNet-18 CNN model has been retrained and fine-tuned 

on breast ultrasound images using the augmented training and validation sets to obtain a target 

ResNet-18 CNN model. The results obtained by projecting the testing set to this target ResNet-

18 CNN model are represented in Table 7.4. 

Table 7.4 Classification results of CNN based CAD system using ResNet-18 model for classification of breast 
tumors. 

CAD system (DFS : l) CM Accuracy (%) ICA_B (%) ICA_M (%) 
  B M    

CNN based CAD system (DFSResNet-18 : 512) 
B 18 3 

88.2 85.7 90.0 
M 3 27 

Note: DFS: Deep feature set, l: Length of feature vectors in DFS, CNN: Convolutional neural network, CM: 
Confusion matrix, ICA: Individual class accuracy, B: Benign, M: Malignant. 

From the results shown in Table 7.4, it can be noted that the target ResNet-18 CNN 

model yielded an accuracy of 88.2 % for differentiating between benign and malignant tumor 

types. The ICA value of benign class is 85.7 % and the ICA value obtained for malignant class 

is 90.0 %. Out of the total 51 instances in the testing set, 6 instances have been incorrectly 

classified out of which 3 instances belong to benign class and 3 instances belong to the 

malignant class. 

7.5.4. Experiment 4: Design of CNN based CAD system using target  SqueezeNet model 
for classification of breast tumors 

In this experiment, a pre-trained SqueezeNet CNN model has been retrained and fine-

tuned on breast ultrasound images using the augmented training and validation sets to obtain a 

target SqueezeNet CNN model. The results obtained by projecting the testing set to this target 

SqueezeNet CNN model are represented in Table 7.5. 

Table 7.5 Classification results of CNN based CAD system using SqueezeNet model for classification of breast 
tumors. 

CAD system (DFS : l) CM Accuracy (%) ICA_B (%) ICA_M (%) 
  B M    

CNN based CAD system (DFSSqueezeNet : 392) 
B 19 2 

90.2 90.4 90.0 
M 3 27 

Note: DFS: Deep feature set, l: Length of feature vectors in DFS, CNN: Convolutional neural network, CM: 
Confusion matrix, ICA: Individual class accuracy, B: Benign, M: Malignant. 

From the results shown in Table 7.5, it can be noted that the target SqueezeNet CNN 

model yielded an accuracy of 90.2 % for differentiating between benign and malignant tumor 

types. The ICA value of benign class is 90.4 % and the ICA value obtained for malignant class 

is 90.0 %. Out of the total 51 instances in the testing set, 5 instances have been incorrectly 

classified out of which 2 instances belong to benign class and 3 instances belong to the 

malignant class. 
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7.5.5. Experiment 5: Design of CNN based CAD system using GoogLeNet model as 
feature extractor and ANFC classifier for classification of breast tumors 

From the results of the experiments 1-4 as seen from Tables 7.2-7.5, it is noted that the 

target GoogLeNet CNN model yielded highest classification accuracy of 94.1 % therefore, for 

this experiment; the features from the GAP layer of target GoogLeNet model have been 

extracted. As a result of the application of CrFS, the deep feature set containing 1024 features 

is reduced to a feature set containing 60 uncorrelated features which are further fed to a fuzzy 

feature selection method employing ANFC-LH algorithm resulting in the generation of an 

optimal feature set containing 22 features. These optimal features are further fed to an ANFC 

classifier for classification of breast tumors. The classification results obtained for this 

experiment are shown in Table 7.6. 

Table 7.6 Classification results of CNN based CAD system using GoogLeNet model as feature extractor and 
ANFC as classifier for classification of breast tumors. 

CAD system (DFS : l) CM Accuracy (%) ICA_B (%) ICA_M (%) 
  B M    
CNN-ANFC-LH based CAD system 
(ODFSGoogLeNet : 22) 

B 21 0 
98.0 100 96.6 

M 1 29 

Note: DFS: Deep feature set, l: Length of feature vectors in DFS, CNN: Convolutional neural 
network, ODFSGoogLeNet : Optimal deep feature set obtained by applying correlation based feature selection  
followed by ANFC-LH algorithm to DFSGoogLeNet, ANFC: Adaptive neuro-fuzzy classifier using linguistic 
hedges, CM: Confusion matrix, ICA: Individual class accuracy, B: Benign, M: Malignant 

From the results shown in Table 7.6, it can be noted that the optimal features extracted 

from the target GoogLeNet CNN model yield an accuracy of 98.0 % with ANFC classifier for 

differentiating between benign and malignant tumor types. The ICA value of benign class is 

100 % and the ICA value obtained for the malignant class is 96.6 %. Out of the total 51 

instances in the testing set, only 1 instance has been incorrectly classified which belongs to the 

malignant class. 

7.5.6. Comparative analysis of CNN based CAD system designs for classification of 
breast tumors 

A comparative analysis of results of the CNN based CAD system designs for 

classification of breast tumors is shown in Table 7.7. 

Table 7.7 Comparative analysis of results of the CNN based CAD system designs for classification of breast 
tumors. 

CAD system (DFS : l) CM Accuracy (%) ICA_B (%) ICA_M (%) 
  B M    

CNN based CAD system (DFSGoogLeNet : 1024) 
B 19 2 

94.1 90.4 96.6 
M 1 29 

CNN based CAD system (DFSVGG-19 : 2048) 
B 18 3 

90.2 85.7 93.3 
M 2 28 

CNN based CAD system (DFSResNet-18 : 512) 
B 18 3 

88.2 85.7 90.0 
M 3 27 
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CNN based CAD system (DFSSqueezeNet : 392) 
B 19 2 

90.2 90.4 90.0 
M 3 27 

CNN-ANFC-LH based CAD system 
(ODFSGoogLeNet : 22) 

B 21 0 
98.0 100 96.6 

M 1 29 

Note: DFS: Deep feature set, l: Length of feature vectors in DFS,, CNN: Convolutional neural network, ODFS: 
Optimal deep feature set obtained, ANFC: Adaptive neuro-fuzzy classifier using linguistic hedges, B: Benign 
class, M: Malignant class, CM: Confusion matrix, ICA: Individual class accuracy. 
     The shaded gray region indicates the optimal CNN based CAD system for classification of breast tumors. 

From Table 7.7 it can be noted that for the diagnosis of breast tumor types CNN based 

CAD system design using GoogLeNet model yielded the highest classification accuracy of 

94.1 %, indicating that the GoogLeNet CNN model efficiently captures the underlying features 

of the ultrasound images responsible for the differential diagnosis between benign and 

malignant breast tumors. Based on this observation, the target GoogLeNet CNN model has 

been used for the extraction of deep features the optimal features extracted from the segmented 

breast ultrasound images. Using the target GoogLeNet CNN model and fuzzy feature selection 

by ANFC-LH yielded the highest classification accuracy of 98.0 % with ANFC classifier. The 

ICA value for benign and malignant class is 100 % and 96.6 % respectively. 

The ROC curves along with the corresponding area under the curve (AUC) values for the 

CNN based CAD system designs implemented in the present work for classification of breast 

tumors are given in Fig. 7.18.  

 

Fig. 7.18 The ROC curves and corresponding AUC values for CNN based CAD system designs implemented in 
the present work for classification of breast tumors. 

The optimal CNN based CAD system design for classification of breast tumors is 

presented in Fig. 7.19. 
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Fig. 7.19 Optimal CNN based CAD system design for classification of breast tumors. 
Note: DPAD: Detail preserving anisotropic diffusion, DFS: Deep feature set, CrFS: Correlation based feature 
selection, RDFS: Reduced texture feature set, ANFC-LH: Adaptive neuro-fuzzy classifier, ODFS: Optimal deep 
feature set. 

7.6. Concluding Remarks 

The performance of different CNN based CAD system designs using pre-trained 

GoogLeNet, VGG-19, ResNet-18 and SqueezeNet models have been compared for 

classification of breast tumors in the present work. On the basis of the obtained results, it has 

been noted that CNN based CAD system design using GoogLeNet model yielded the highest 

classification accuracy of 94.1 % which implies that the GoogLeNet CNN model has been able 

to efficiently capture the underlying features of the ultrasound images responsible for the 

differential diagnosis between benign and malignant breast tumors. Based on this observation, 

the target GoogLeNet CNN model has been used for the extraction of deep features which were 

further subjected to CrFS for retaining the uncorrelated features. This reduced feature vector 

was then subjected to a fuzzy feature selection algorithm; ANFC-LH for obtaining an optimal 

feature set. This optimal feature set has been subjected to ANFC classifier for the differential 

diagnosis between the breast tumor types, achieving an accuracy of 98.0 % along with an AUC 

value of 0.983.   

The present study differs from other related studies considering the following facts: (a) 

Most of the previous related studies have used either full images or manually extracted ROIs as 

the input to deep networks for classification of breast tumors however, in the present study 

segmented tumor images have been used for carrying out the exhaustive experiments for the 

design of efficient CNN based CAD system for classification of breast tumors. (b) For 

obtaining the tumor boundary/contour the images despeckled using the DPAD filter have been 

used as shape characteristics of tumor are better represented in despeckled images in 

comparison to the original images. The tumor mask thus obtained from the DPAD filtered 

image as a result of segmentation has been superimposed onto the original images to retain the 

original texture. 
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Chapter 8 

Conclusions and Future Scope 

8.1. Introduction 

The main aim of the present study, “Analysis and Classification of Breast Abnormalities 

Using Ultrasound Images” is to enhance the diagnostic potential of conventional B-mode 

ultrasound imaging modality for differential diagnosis between benign and malignant tumors. 

To achieve this, exhaustive experimentation has been carried out in the present work to (a) 

Analyze the effect of despeckle filtering algorithms on breast ultrasound images, (b) Analyze 

the effect of despeckle filtering algorithms on segmentation of breast tumors,  (c) Analyze the  

effect of despeckle filtering algorithms on classification of breast tumors, (d) Design LBP 

based CAD system designs for classification of breast tumors and (e) Design convolutional 

neural network based CAD system designs for classification of breast tumors. The conclusions 

drawn from the exhaustive experiments carried out in the present research work are depicted 

below:  

8.2. Conclusions- Effect of Despeckle Filtering Algorithms on Breast 
Ultrasound Images  

From the results of the experiments undertaken for analysing the effect of despeckle 

filtering algorithms on breast ultrasound images, it can be concluded that the DPAD filter 

produces more clinically acceptable images. 

8.3. Conclusions- Effect of Despeckle Filtering Algorithms on 
Segmentation of Breast Tumors 

From the results of the experiments undertaken for analysing the effect of filtering 

algorithms on segmentation of breast tumors, it has been concluded that images filtered by 

DPAD filter yields controlled despeckling thereby preserving the margins of the tumor 

resulting in better segmentation of tumors.   

8.4. Conclusions- Effect of Despeckle Filtering Algorithms on 
Classification of Breast Tumors  

From the results of the experiments undertaken for analysing the effect of filtering 

algorithms on classification of breast tumors following points can be concluded (i) Texture 

information is not effectively preserved in the despeckled images as is evident from the results 

of individual feature vectors, the maximum classification accuracy of 90.1 % is achieved using 



142 
 

original texture features in comparison with the maximum classification accuracy of 70.6 % 

achieved using despeckled texture features (Lee sigma). (ii) The shape/margin characteristics of 

the tumors are enhanced in the despeckled images as compared to the original images as is 

evident from the fact that the despeckled morphological features yielded higher accuracy in all 

cases in comparison with the original morphological features. It can be noted that the maximum 

classification accuracy of 70.5 % has been obtained by using despeckled morphological 

features (DPAD). (iii) For differential diagnosis between benign and malignant breast tumors 

using ultrasound images, the texture of the region inside the tumor as well as the shape/margin 

characteristics of the tumor are important.(iv) The feature set containing texture features 

computed from original images and morphological features computed from images despeckled 

by DPAD filter yield highest classification accuracy indicating that DPAD filter efficiently 

captures the morphological information for classifying breast ultrasound images. 

8.5. Conclusions-LBP based CAD System Designs for Classification of 
Breast Tumors  

Exhaustive experiments have been carried out for designing an efficient LBP based CAD 

system for classification of breast tumors, based on the results of the experiments, it can be 

concluded that the LBP based CAD system using ANFC-LH classifier has been considered 

optimal with LBP based texture features computed from original images and morphological 

features computed from images despeckled by DPAD filter. 

8.6. Conclusions- Convolutional Neural Network based CAD System 
Designs for Classification of Breast Tumors 

Exhaustive experiments have been carried out for designing efficient CNN based CAD 

system design for classification of breast tumors, on the basis of the obtained results, it has 

been observed that CAD system design with deep feature extraction by target GoogLeNet CNN 

model and ANFC-LH classifier can be considered optimal for the present classification task.  

8.7. Comparison of CAD System Designs Implemented in the Present 
Research Work for Classification of Breast Tumors  

A comparative analysis of the results of different CAD system designs implemented in 

the present research work for classification of breast tumors is shown in Table 8.1.  

Optimal CAD system design based on machine learning: From the results presented in 

Table 8.1, it can be noted that using machine learning approaches, both PCA-SVM 

(RFSOD(DPAD)) based CAD system  and LBP based CAD system using ANFC-LH 

((OFSLH)ANFC-LH) yield same accuracy of 96.6 %. However, higher ICA value is yielded by 
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LBP based CAD system using ANFC-LH and is hence considered optimal machine learning 

based CAD system design for classification of breast tumors. 

Table 8.1 A comparative analysis of the results of different CAD system designs implemented in the present 
research work for classification of breast tumors. 
S. No. Machine leaning based CAD system (FS: l) Accuracy (%) ICA_B (%) ICA_M (%) 

1. PCA-SVM based CAD system (RFSOD(DPAD) : 11) 96.0 95.2 96.6 

2. 
LBP based CAD system using ANFC-LH 
((OFSLBP)ANFC-LH: 27) 

96.0 90.4 100 

3. 
LBP based CAD system using GA-SVM 
((OFSLBP)GA-SVM : 65) 

92.2 90.4 93.3 

4. 
LBP based CAD system using PCA-SVM 
((OFSLBP)PCA-SVM : 14) 

94.1 90.4 96.6 

5. 
LBP based CAD system using SAE-SM 
((OFSLBP)SAE-SM : 25) 

92.2 80.9 100 

S. No. CNN based CAD system (FS: l) Accuracy (%) ICA_B (%) ICA_M (%) 

6. CNN based CAD system (DFSGoogLeNet: 1024) 94.1 90.4 96.6 

7. CNN based CAD system (DFSVGG-19: 2048) 90.2 85.7 93.3 

8. CNN based CAD system (DFSResNet-18: 512) 88.2 85.7 90.0 

9. CNN based CAD system (DFSSqueezeNet: 392) 90.2 90.4 90.0 

10. 
CNN-ANFC-LH based CAD system 
(ODFSGoogLeNet: 22) 

98.0 100 96.6 

Note: FS: Feature set, l: Length of feature vector in FS, PCA: Principal component analysis, SVM: Support 
vector machine, RFS: Reduced feature set, O: Original image, D: Despeckled image, DPAD: Detail preserving 
anisotropic diffusion, OFS: Optimal feature set, LBP: Local binary pattern, ANFC-LH: Adaptive neuro-fuzzy 
classifier using linguistic hedges, GA: Genetic algorithm, SAE: Stacked autoencoder, SM: Softmax, CNN: 
Convolutional neural network, DFS: Deep feature set, ODFS: Optimal deep feature set, ICA: Individual class 
accuracy, B: Benign, M: Malignant. 

Optimal CNN based CAD system design: The results shown in Table 9.1 also indicate 

that CNN-ANFC-LH based CAD system (ODFSGoogLeNet) designed using optimal deep features 

computed for target GoogLeNet CNN model yielded highest classification accuracy of 98.0 % 

and is thus considered optimal CNN based CAD system design for classification of breast 

tumors.   

The obtained results indicate the usefulness of the proposed CAD system design to (a) 

assist the radiologists in their assessment by providing second opinion in case of overlapping 

sonographic appearances of breast abnormalities, (b) act as training tool to aid the radiology 

students in identifying the sonographic changes being exhibited by different breast tumor types. 

The main conclusion of the present research work is that texture features computed from 

original ultrasound images and morphological features computed from images despeckled 

using DPAD filter collectively enhance the performance of the CAD system for classification 

of breast tumors.  
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8.8. Limitations and Future Scope 
8.8.1. Limitations 

The present work has been carried out on a standard benchmark database consisting of 

representative images from each subclass of both benign and malignant tumors. Although the 

database contains information about the ground truth with respect to the tumor sub-classes at 

the same time, the information about tumor boundary is not specified. Accordingly, in the 

present work considerable amount of time was invested in getting the tumor boundaries marked 

by the experienced participating radiologist with the help of ImageJ software. For overcoming 

the effect of intra-observer variability, the display settings have been kept same for viewing all 

the images. For inter-observer variability, inputs from more than two (generally three) 

experienced radiologist are required. However, in the present work the number of processed 

images as well as the parameters required to be analysed for each image were quite large, so the 

processed images could be evaluated by only one participating radiologist having rich 

experience for analysing breast ultrasound images. 

8.8.2. Future scope 

The recommendations of the future work for the present research work are as follows: (i) The 

performance of the designed CAD systems needs to be tested on a dataset containing ground-

truth marked images captured using multiple scanners at different resolution settings. (ii) For 

the pre-processing of breast ultrasound images, in order to improve the visual quality of the 

images, various despeckling and enhancement methods are available. The present work focuses 

on despeckling methods in future the effect of different enhancement methods and a 

combination of both despeckling and enhancement methods on the classification performance 

can be tested. (iii) For the segmentation of tumor region from the breast ultrasound images, the 

initial mask is provided by the radiologist thus preventing the CAD system design from being 

fully automatic. Thus, to make the CAD system designs user-independent, automatic methods 

of lesion detection followed by segmentation should be utilized to extract the desired tumor 

region. (iv) The present work has been carried out for the binary classification of breast 

ultrasound images into benign and malignant classes. A new benchmark database has been very 

recently made available in December 2019 for research purposes [6]. Using this benchmark 

database, researchers can design CAD systems for (a) binary classification between normal and 

abnormal classes, (b) multi-class classification between normal, benign and malignant classes, 

(c) hierarchical classification between normal and abnormal classes in the first stage and 

subsequent classification of images belonging to abnormal class into benign and malignant 

classes in the second stage.  
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