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Abstract 

 

The study has been conducted on a comprehensive image database of 41 B-Mode US images, 

including 14 mild, 14 moderate and 13 severe fatty liver images and 42 B mode, focal liver US 

images, including (1) atypical and typical cases of Cyst, HEM and MET lesions, (2) small and 

large HCC lesions. Fatty liver images have been originally acquired from the Department of 

Radio-diagnosis, Himalayan Institute of Hospital and Trust (HIHT), Dehradun, India and focal 

liver images have been acquired from Department of Radiotherapy Postgraduate Institute of 

Medical Education and Research (PGMIER), Chandigarh, India.  

The brief description of experiments carried out to developed a proposed CAC system is given 

in Fig 1 and Fig 2. 

 

Fig 1 Experimental work flow for the design of SVM based CAC system for grading of fatty liver disease 

Note:GLCM-M: Grey level co-occurrence matrix mean, GLCM-R: Grey level co-occurrence matrix range,  

LROI-M: Liver region of interest mean, , DROI-M: Diaphragm region of interest mean, LROI-R: Liver region of 

interest range, , DROI-R: Diaphragm region of interest range, FV1 :GLCM mean features, FV2 :GLCM range 

features , CFV1: GLCM mean upon range  ratio features CFV2: GLCM range upon mean ratio features, AFV: 

GLCM mean + GLCM range additive features, RFV1: GLCM mean ratio features,RFV2: GLCM range ratio 

features CRFV1: (GLCM mean ratio) upon (GLCM range ratio) ratio features,CRFV2: (GLCM range ratio) upon 

(GLCM mean ratio) ratio features, ARFV: GLCM mean ratio + GLCM range ratio additive features, Reduced 

RFV1: Reduced ratio feature vector. 
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Fig 2 Experimental work flow for the design of SVM based CAC system for classification of focal liver lesions 

Note: GLCM-M: Grey level co-occurrence matrix mean, GLCM-R: Grey level co-occurrence matrix range,     

IROI-M: Inside region of interest mean, , SROI-M: Surrounding region of interest mean, IROI-R: Inside region of 

interest range, , SROI-R: Surrounding region of interest range, FV1 :GLCM mean features, FV2 :GLCM range 

features , CFV1: GLCM mean upon range  ratio features CFV2: GLCM range upon mean ratio features, AFV: 

GLCM mean + GLCM range additive features, RFV1: GLCM mean ratio features,RFV2: GLCM range ratio 

features CRFV1: (GLCM mean ratio) upon (GLCM range ratio) ratio features,CRFV2: (GLCM range ratio) upon 

(GLCM mean ratio) ratio features, ARFV: GLCM mean ratio + GLCM range ratio additive features, Reduced 

CRFV2: Reduced combined ratio feature vector. 

 

The proposed interactive system for grading of fatty liver disease and classification of focal 

liver lesions using B-Mode US images consist of four modules as shown in Fig 3.The brief 

description of these modules is given below. 
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Module 1: SVM based CAC system for grading of fatty liver disease(without feature selection). 

In module 1, the efficacy of second order statistical features has been exhaustively evaluated 

for classification of different grades of fatty liver disease, i.e., mild, moderate and severe fatty 

liver. The image database used in the present work consists of a total of 41 ultrasound images, 

including 14 mild, 14 moderate and 13 severe fatty liver images. Two types of regions of 

interest are used in our work LROIs and DROIs. The LROIs are multiple ROIs extracted from 

the liver parenchyma at the same depth from each image. The DROI is single ROI extracted 

from the diaphragm region of each image. The various combinations of second order statistical 

Gray level co-occurrence matrix based features i.e., (a) GLCM mean features, (b) GLCM range 

features (c) GLCM mean upon range  ratio features (d) GLCM range upon mean ratio features 

(e) GLCM mean + GLCM range additive features, (f) GLCM mean ratio features, (g) GLCM 

mean ratio features (h) GLCM range ratio features (i) (GLCM mean ratio) upon (GLCM range 

ratio) ratio features (j) (GLCM range ratio) upon (GLCM mean ratio) ratio features and          

(k) GLCM mean ratio + GLCM range ratio additive features  have been extracted. The 

proposed CAD system for fatty liver using SVM is shown in Fig 3. 

Module 2: SVM based CAC system for grading of fatty liver disease (with feature selection). 

The module 2 classifies the US images of fatty liver diseases into mild, moderate and severe 

fatty liver respectively. Feature selection technique (GA-kNN) has been used in this module to 

increase the classification accuracy of fatty liver diseases. It is observed that the maximum 

classification accuracy for fatty liver is 66.6 % and the individual class accuracy values of    

68.8 %, 60.0 % and 73.2 % have been achieved using GLCM mean ratio features. 

Module 3: SVM based CAC system for classification of focal liver lesions (without feature 

selection). 

In module 3, second order statistical features has been comprehensively evaluated for 

classification of different grades of focal liver disease such as such, as cyst, hemangioma 

(HEM), hepatocellular carcinoma (HCC) and metastatic carcinoma (MET). The image index 

used in the present work consists of a total of 42 B mode US images, including (1) atypical and 

typical cases of cyst, HEM and MET lesions, (2) small and large HCC. Two types of regions of 

interest (ROI) used in our work are IROIs and SROIs. The IROIs are single ROI extracted from 

a focal liver lesion part of each image, whereas the SROI is single ROI extracted from 

surrounding of the lesion of each image. In the present work, texture features and texture ratio 

features are measured from regions outside and inside the lesions. The various combinations of 

second order statistical Gray level co-occurrence matrix based features. i.e. (a) GLCM mean 
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features, (b) GLCM range features (c) GLCM mean upon range  ratio features (d) GLCM range 

upon mean ratio features (e) GLCM mean + GLCM range additive features, (f) GLCM mean 

ratio features, (g) GLCM mean ratio features (h) GLCM range ratio features (i) (GLCM mean 

ratio) upon (GLCM range ratio) ratio features (j) (GLCM range ratio) upon (GLCM mean ratio) 

ratio features and (k) GLCM mean ratio + GLCM range ratio additive features  have been 

extracted. A proposed CAD system for focal liver using SVM is shown in Fig 3. 

 

Fig 3 Block diagram of the proposed interactive system for grading of fatty liver disease and classification of 

focal liver lesions 

Note: LROI: Liver region of interest, DROI: Diaphragm region of interest, IROI: Inside region of interest, SROI: 

Surrounding region of interest 
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Module 4: SVM based CAC system for classification of focal liver lesions (with feature 

selection). 

The module 4 classifies the US images of focal liver lesions into cyst, HEM, HCC and MET 

focal liver respectively. In this module feature selection technique (GA-kNN) has been used to 

increase the classification accuracy of focal liver diseases. It is observed that the maximum 

classification accuracy for focal liver lesion is 78.3 % and the individual class accuracy values 

of 100 %, 44.0 %, 100 % and 80.0 % for Cyst, HEM, HCC and MET have been achieved using 

GLCM range ratio to GLCM mean ratio features. 

A brief comparison of performance obtained by different implemented modules for diagnosis 

of fatty and focal liver diseases using B-Mode US images are depicted in Table 1.  

 

Table 1 Classification performance of module 1, 2, 3 and 4. 

CAC System Designs Classes OCA ICA FV l 

Module 1: SVM based CAC system for 

grading of fatty liver disease (without 

feature selection). 

Mild 

Moderate 

Severe 

 

64.4 

66.6 

53.1 

73.2 

 

RFV1 

 

 

17 

 

Module 2: SVM based CAC system for 

grading of fatty liver disease (with feature 

selection). 

Mild 

Moderate 

Severe 

 

66.6 

68.8 

60.0 

73.2 

Reduced 

RFV1 

 

6 

Module 3: SVM based CAC system for 

classification of focal liver lesions (without 

feature selection). 

Cyst 

HEM 

HCC 

MET 

 

74.4 

83.3 

85.7 

50.0 

93.3 

 

CRFV2 

 

 

17 

 

Module 4: SVM based CAC system for 

classification of focal liver lesions (with 

feature selection). 

Cyst 

HEM 

HCC 

MET 

 

78.3 

100 

44.0 

100 

80 

 

Reduced 

CRFV2 

 

 

5 

 

 
Note: HEM: Hemangioma, HCC: Hepatocellular carcinoma, MET: Metastatic carcinoma, OCA: Overall 

classification accuracy (%), ICA: Individual classification accuracy (%), RFV: Ratio feature vector, Reduced 

RFV1: Reduced ratio feature vector, CRFV2: Combined ratio feature vector, Reduced CRFV: Reduced combined 

ratio feature vector. 

 

From Table 1, it can be observed that, 

(a)  Module 3: Ratio of GLCM mean statistics derived from LROI and DROI yield maximum 

classification accuracy value of 64.4  % at d = 10 and ICA values of 66.6 %, 53.1 % and      

73.2 % for mild, moderate and severe image classes, respectively. After optimization using 

GA-kNN, classification accuracy increase to 66.6 % and ICA values of 68.8 %, 60.0 % and 

73.2 % for mild, moderate and severe  classes.  
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(b) Module 4: Ratio of GLCM range statistics and GLCM mean statistics derived from IROI 

and SROI  yield maximum classification accuracy value of 74.4  % at d = 1 and ICA values of 

83.3 %, 85.7 %, 50 % and 93.3 %  for 1Cyst, 1hemangioma (HEM), 2hepatocellular 

carcinoma (HCC) and metastatic carcinoma (MET) classes, respectively. After optimization 

using GA-kNN, overall classification accuracy increase to 78.37 % and  ICA values of     100 

%, 44.0 %, 100 % and 80.0 % for 1cyst, 1hemangioma (HEM), hepatocellular carcinoma 

(HCC) and metastatic carcinoma (MET) classes. 
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Chapter 1 

Introduction 

 

1.1 Motivation 

Liver is a fundamental organ of the human body. Its main functions include bile secretion and 

detoxification of chemicals from the body that are useful for digestion. Other functions of the 

liver are regulation of glycogen storage, disintegration of red blood cells and production of 

hormones. Liver also plays a dominating role in the metabolism of the human body. 

The adornment gland helps in emulsification of lipids and produce bile. Bile is produced by the 

liver just below it, in a little pouch. In the liver, large amount of biochemical reactions takes 

place which is responsible for the healthy metabolism of the human body. These reactions 

include the breakdown and synthesis of the large amount of molecules which are vital for 

normal and proper functioning of the human body. The diagram for anatomy of liver is shown 

in Fig 1.1. 

 
Fig 1.1 Anatomy of liver 

Note: Image courtesy [1] 

 

Liver is a cusp-shaped reddish brown organ with four unequal sized lobes, which weighs 1.45-

1.66 kg normally. It is the heaviest and largest internal organ among all the glands in the human 

body. The liver is located just beneath the diaphragm in the uppermost right quadrant of the 

abdominal cavity. It is above the gallbladder towards the right of the stomach.  

https://en.wikipedia.org/wiki/Accessory_digestive_gland
https://en.wikipedia.org/wiki/Thoracic_diaphragm
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The hepatic artery and portal vein are the two large blood vessels which are associated with 

liver. Oxygen rich blood from the aorta is supplied through the hepatic artery, while the portal 

vein transmits nutrients which are rich in oxygen from the entire gastrointestinal tract.  

Liver diseases are broadly classified in two categories, i.e., diffused liver diseases and focal 

liver diseases. The brief description of liver diseases and their types is discussed in the next 

section. 

 

Fig 1.2 Brief description of types of liver diseases 

Note: HEM: Hemangioma, HCC: Hepatocellular carcinoma, MET: Metastatic carcinoma, PB: Primary benign, 

PM: Primary malignant, SM: Secondary malignant. 

 

1.2 Liver Diseases 

The disease in the liver may either be genetic or arise through various other mechanisms such 

as high alcohol consumption, some infections, etc. The brief description of different types of 

liver diseases is shown in Fig 1.2.  

The diseases are detected by different methods like blood tests, computed tomography (CT) 

scan and ultrasonography etc. The texture is a kind of visual features that is not influenced by 

color or intensity. Basically texture is in the form of information/data of the arrangement found 

in an image. So texture features have been extensively used in image processing. 

Diagnostic sonography or ultrasonography is a real time, non-invasive imaging technique used 

to inspect the structure of internal body parts or disease influenced area of that body part if any 

[4-6]. Liver diseases are of two types  

(a) Diffused liver diseases 

(b) Focal liver lesions 

https://en.wikipedia.org/wiki/Gastrointestinal_tract
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(a) Normal liver US image                            (b) Fatty liver US image                           (c) Cirrhotic liver US image 

Fig 1.3 Progression of diffused liver disease images 

 

1.2.1 Diffused Liver Diseases 

Diffused liver diseases are the diseases which affect the entire parenchyma of the liver. There 

are three stages of the diffused liver disease: normal, fatty and cirrhosis as shown in Fig. 1.3.  

1.2.1.1 Fatty Liver Disease 

Fatty liver or steatosis is a state that is characterized by the aggregation of fats over the liver 

[7]. A person suffering from fatty liver disease [8] has 5-10 % weight increase in liver fat 

content [9-14]. The types of fatty liver disease are shown in Fig 1.4. 

The spectrum of the fatty liver image varies from one state to another state, ranging from 

simple steatosis to cutaneous inflammation, fibrosis of the varying grades and then cirrhosis, 

which leads to the increased prospect of hepatocellular carcinoma [15, 16]. The advanced stage 

is the non-alcoholic steatohepatitis that is the ‘inflammatory’ component with respect to 

steatosis. It has a higher prospect of mortality and cardiovascular disease than simple steatosis 

[17]. The progression of non-alcoholic fatty liver disease generates metabolic syndrome, 

insulin resistance and obesity [18]. The metabolic syndromes increase four fold in subjects with 

a prevalence of non-alcoholic fatty liver disease in comparison to those without the disease 

[19]. The cardiovascular mortality risk approximately doubles conferring metabolic syndrome 

itself [20]. The metabolic syndrome criteria increase cardiovascular disease risk linking non-

alcoholic fatty liver disease [21]. 
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Fig 1.4 Brief description of types of diffused liver diseases 

 

Diabetes, toxins, and hepatitis are the main causes of the lesion. Enlarged liver with diffused 

enlarged echogenicity is caused by severe fatty infiltration. According to the research [22] in 

America, 20 % of the population is suffering from the adequate volume of fat in their liver. 

Fatty liver disease appears mostly in people in the age class of 40 to 60. It is a reversible state, 

but if not treated in time, it can transform into a serious disease called cirrhosis. 

Fatty liver has 3 stages: mild, moderate and severe [23] (as shown in Fig 1.5). 

(a) Mild: Mild fatty liver is the earliest stage of fatty liver disease in which lesser amount of fat 

is deposited over the liver. In this stage the diaphragm is clearly visible in ultrasound image and 

appears brighter than the liver. It is a reversible case in which fatty liver can easily get back to 

its normal size by some remedies e.g. by taking proper medication and a healthy diet. 

(b) Moderate: Moderate is the second state of the fatty liver disease in which diaphragm 

appears more hypoechoic in comparison to mild state as shown in Fig 1.5. This stage is also 

reversible if treated properly in time. 

(c) Severe: Severe is the third and last reversible state of the fatty liver disease. In this stage, the 

liver has almost 11 % of its weight as fat. If not treated in time, it may change into cirrhosis, 

which completely damages the liver cells leading the liver to collapse. The sample image 

showing the classes of fatty liver disease is characterized in Fig. 1.5. 
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Fig 1.5 Sample ultrasound images of (a) mild (b) moderate (c) severe class 

 

1.2.1.2 Cirrhosis 

The liver does not function properly if cirrhosis [24, 25] state occurs. The functioning of liver 

slows down as tissues replace the healthy liver tissues. The processing of nutrients, drugs and 

hormones become slow as the movement of blood through the liver is blocked by scar tissues. 

Cirrhosis slows down the production of proteins and other substances secreted by the liver. The 

secretion of bile stops, due to the blockage of bile duct. Primary biliary cirrhosis disease blocks 

the bile ducts in adults. The Cirrhosis is ranked 12
th

 in death caused by disease as per the 

National Institutes of Health (NIH). The sample image of liver ultrasound (US) image with 

cirrhosis is shown in Fig 1.6.  

 

Fig 1.6 Liver US image of cirrhosis 

. 

Detailed history and physical exams are required for diagnosis of cirrhosis. A complete medical 

history should be considered by the doctor. Yellow eyes (jaundice), reddened palms, pale skin, 

hand tremors, excess breast tissue (in men), an enlarged liver and decreased alertness signs are 
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the symptoms of cirrhotic liver which can be analyzed by taking the physical examination. 

Tests that can evaluate the liver are categorized as: ultrasound scan of the liver, MRI of the 

abdomen, CT scan of the abdomen, liver biopsy (definitive test for cirrhosis) and endoscopy. 

Esophageal varices are the substitute to pass blood through the liver. High pressure can not be 

handled by these veins and they tend to bulge from the extra blood flow. Due to poor clotting 

and low platelet count, bleeding and bruising occurs. Other complications due to cirrhosis 

include liver cancer, kidney failure, enlarged spleen (splenomegaly), ascites and edema. 

1.2.2 Focal Liver Lesions 

Focal liver lesions affect only the small portion of the liver. There are four types of focal liver 

lesions: Cyst, hemangioma (HEM), hepatocellular Carcinoma (HCC) and metastatic Carcinoma 

(MET). The brief description of different types of focal liver lesions is shown in Fig 1.7. Focal 

liver lesion ranges from benign lesions to the tumorous malignant lesions in patients with non-

specific abdominal complaints. 

For effective treatment of tumors, initial estimation of factors is necessary which are 

responsible for predisposing the tumors. After cirrhosis [34-36], hepatocellular carcinoma is 

formed, thus a history of oral contraceptive for effective treatment of HEM is required. Imaging 

techniques and a cyto-histologic study are established as a definite diagnosis of focal liver 

lesions. 

 

Fig 1.7 Brief description of types of focal liver lesions 

Note: PB: Primary benign, PM: Primary malignant, SM: Secondary malignant 

 

Solid lesion’s (malignant or benign tumors) and liquid (cysts, abscesses, etc.) can be found 

through radiographies feature, which give the hint about the kind of lesion in the liver. Etiology 
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of solid tumor is easy to find by its vascularization [26]. Hepatocellular carcinoma, and 

metastases from hypernephroma or neuroendocrine tumors are generally tumors with arterial 

hyper vascularization, it may be benign or malignant. Instead of radionuclide tests, abdominal 

magnetic resonance imaging (MRI) and computed tomography (CT) with ferric (ferumoxides) 

or vascular (gadolinium) contrast techniques are used. Focal liver lesions [37-45] typical case 

US images are shown in Fig 1.8.  

Because of the large variation of the texture of focal liver lesion, the radiologist has to face 

difficulty in the atypical diagnosis of particular classes of FHLs [26-31], focal liver lesions 

atypical case images are shown in Fig 1.9. Due to the non-invasive, non-ionizing, real time and 

low-cost nature, B-mode ultrasound is the best choice for diagnosis of lesions [26-27]. In 

resemblance with B-mode ultrasound some other expensive and more time consuming 

techniques like enhanced contrast spiral computed tomography are often used [26-33]. 

Therefore, for classification, of B-mode ultrasound images, an adequate CAC (computer-aided 

classification) is required. 

Two types of focal liver diseases are benign and malignant focal liver diseases. 

1.2.2.1 Benign Focal Liver Lesions 

Benign indicate a condition, tumor or expansion which is not cancerous. This means that it 

does not infect the nearby parts of the body. 

In a typical case, a benign tumor spreads slowly and is not harmful. Despite, this is not 

constantly the case. A benign tumor may spread big enough or be found in adjacent blood 

vessels, the nerves, and brain. As it develops, it can cause problems without growing in another 

part of the body. Sometimes, these issues can be serious. There are two types of benign focal 

liver diseases discussed below. 

1.2.2.1.1 Cyst 

Only 2-7 % of the people get affected by inveterate lesion called cyst .There is no transmission 

of bile ducts in the case of cyst, it has an epithelium description with cuboidal serous essence 

[46, 47]. It is an anechoic lesion which can be detected by ultrasonography [48-57] as a non-

variable-enhanced mass that exhibits posterior acoustic enhancement [25].  
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1.2.2.1.2 Hemangioma (HEM) 

More the 60 % of cases detected from diagnosis of HEM are typical HEMs. Typically, HEM 

[37, 38] occurs as a uniform encircle apparatchik echoic lesion. This tumor consists of broad 

vessels lined with sophisticated endothelial cells within a fibrous stroma. It is a mostly single 

small lesion of up to 20 cm in diameter, which is more commonly found in women. In 

maximum cases, a patient is found with unspecific abdominal complaints or no symptoms [31]. 

It does not infect other parts, but may spread in the presence of estrogenic therapies or 

pregnancy. Its US image may appear a hyper echogenic along with well-defined lesion that 

may be higher heterogeneous in case of intra-tumor thrombosis. 

1.2.2.2 Malignant Focal Liver Lesions 

Malignancy is the case of a medical situation in which cancer becomes moderately worse. 

Malignant is most familiar as a depiction of cancer. In case of malignant tumor contradiction 

with a non-cancerous benign tumor is that a malignancy is not self-limited in its expansion, it is 

able to enter into neighboring tissues, and may be able to grow in distant tissues. In 

comparison, tumors that stay limited and do not grow are called benign. Benign tumors may 

spread quite large and can harm, but they do not usually grow through the lymph vessels or 

bloodstream to other parts of the body. 

1.2.2.2.1 Metastatic Carcinoma (MET) 

Metastatic carcinoma is of various sizes and occurs singly or as multiple deposits . Liver 

metastases are the most typical malignant tumors in the liver, since 35-40 % of tumors develop 

this kind of dissemination. Most typical metastases emerge in the lung, the gastrointestinal 

portion (stomach, colon, gallbladder, pancreas), and ovary. The existence of metastatic liver 

disease commonly entails a poor prognosis. Two main exceptions constitute colorectal cancer 

(CRC) metastases when susceptible of the surgical section [41]. In elected patients with 

colorectal cancer (less than 4 nodules), resection grant survivals of 40 % at 5 years. For non-

resectable neuroendocrine cancer, hepatic embolization may be helpful in the management of 

carcinoid syndrome. 
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1.2.2.2.2 Hepatocellular Carcinoma (HCC) 

It is a case of primary malignant FHL, the fatty liver problem is the primary cause of HCC. 

Around 84 % patients, who has cirrhosis problem suffered from HCC liver lesion [35,42]. It is 

a primary task for the radiologist to find out the cirrhotic liver so that the development of HCC 

can be detected from B-mode US images [35,40,42,45]. There is no typical case in HCC that is 

presumed by radiologists. So that the appearance of ultrasound images of HCCs has a wide 

variety within small HCCs (SHCCs) and large HCCs (LHCCs). The SHCCs sonographic 

appearance varies from hypo-echoic to hyper-echoic. The ultrasound images of SHCC and 

LHCC is shown in Fig 1.10. While large HCC frequently exhibits the mixed echogenicity [26, 

28,35,42]. For designing classifiers, radiologist suggests that it must consist of both SHCCs and 

LHCCs representative and a comprehensive data set.  The LHCCs have lesion size varying 

from 2.1-5.6 cm while SHCCs have lesion size of 1.5-1.9 cm. 

Diagnosis may be based upon non-invasive or histological criteria alone for cirrhotic patients 

[46]. Ultrasonography usually acknowledges a hypo-echogenic and hyper-vascular lesion by 

applying contrast media. CT scan displays a hypo dense lesion in baseline state that takes up 

contrast, during the arterial state and then becomes hypo vascular vs. the liver parenchyma in 

entrance and later phases [25]. MRI acknowledges a lesion that is hyper intense in T2 and hypo 

intense in T1, with a behavior identical to that, seen in CT in progressive studies [41, 47]. 

 

 
Fig 1.8 Liver US images showing typical case (a) Cyst (b) HEM (c)  MET 
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Fig 1.9 Liver US images showing atypical case (a) Cyst (b) HEM (c) MET 

 

 

 

Fig 1.10 Liver US images showing small HCC ( case (a), (b) and (c)) and large HCC ( case (d), (e) and (f)) 

 

1.3 Ultrasound Imaging 

Medical ultrasound or ultrasonography is based on the application of ultrasound [34]. It is a 

diagnostic imaging technique, which is used to view inside body structures, such as joints, 

tendons, muscles, vessels and internal organs. Because of the easy availability and affordability 
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ultrasound proves to be a good option for diagnosis. The sample ultrasound image of a normal 

liver is shown in Fig 1.11. 

 

 

Fig 1.11 Normal liver US image 

 

1.4 Computerized Tomography 

Computerized tomography (CT) uses several X-ray images to take data of internal organs in the 

human body and convert this data into pictures on a monitor. Although CT offers high speed of 

acquisition, better spatial resolution and more precise contrast enhancement, it has low 

sensitivity and it needs a high radiation dose to detect the lesions which are smaller than 1cm. 

Fig 1.12 shows the CT image of the liver. 

 

 

Fig 1.12 Sample CT image of liver 

Note: Image courtesy [2] 
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1.5 Magnetic Resonance Imaging (MRI) 

 

Detailed images of the tissues and organs of the body are created using a radio waves and 

magnetic field, this technique is called Magnetic Resonance Imaging. The Liver MRI image is 

shown in Fig 1.13. 

 

 

Fig 1.13 Sample MRI image of  liver 

Note: Image courtesy [3] 

 

The imaging modalities are used to determine how well the liver is working. Ultrasound or 

diagnostic sonography is a real time, non-invasive imaging technique used to examine internal 

body parts [4, 5].  

 

1.6 Objectives of the Present Study 

The main objective of the research work presented is to enhance the potential of ultrasound 

imaging by designing efficient CAC systems for grading of fatty liver disease and classification 

of focal liver lesions with thorough image database. The various research objectives are 

depicted here: 

(i) Objective 1: The formulation of ROI extraction protocols and data bifurcation protocols. 

For efficient CAC system, the classifier used employs an image database consisting of relevant 

information and representative images from each subclass. The establishment of ROI extraction 

protocols for extracting ROIs from fatty and focal liver ultrasonic images and their bifurcation 

into testing and training data sets is the first objective of the proposed work. 
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(ii) Objective 2: To design a SVM based CAC system for the grading of fatty liver disease 

(without feature selection). 

The statistical method is used to evaluate the potential of features extracted from fatty liver 

ultrasound images to classify into mild, moderate and severe fatty liver class using support 

vector machine (SVM) classifier. 

(iii) Objective 3: To design a SVM based CAC system for the grading of fatty liver disease 

(with feature selection). 

Feature selection method GA-kNN has been used to optimize the feature set by removing the 

redundant feature vector. These optimized feature set is used to classify the fatty liver 

ultrasound images into mild, moderate and severe fatty liver class using Support Vector 

Machine (SVM) classifier.  

(iv) Objective 4: To design a SVM based CAC system for the classification of focal liver 

lesions (without feature selection). 

The statistical method is applied to evaluate the potential of features extracted from focal liver 

ultrasound images to classify focal liver ultrasound images into Cyst, HEM, HCC and MET 

focal liver classes using the SVM classifier. 

(v) Objective 5: To design a SVM based CAC system for the classification of focal liver 

lesions (without feature selection). 

Feature selection method GA-kNN is used to optimize the feature set by removing the 

redundant feature vector. These optimized feature set is used to classify the focal liver 

ultrasound images into mild, moderate and severe fatty liver class using the SVM classifier. 

1.7 Organization of Thesis 

The structure of the dissertation is described below: 

(i) Chapter 1 titled “Introduction” contains the information about the classification and 

analysis of B-Mode ultrasound images of fatty and focal liver disease. Different facts have been 

focused in this chapter like why liver? Types of liver diseases? Why liver diseases considered 

seriously? Why B-mode ultrasound? Why the CAC system is efficient for grading of fatty liver 
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disease and classification of focal liver lesions? What are the objectives of current research 

work? The basic motivation provided by this chapter is to design an efficient CAC system for 

grading of fatty liver disease and classification of focal liver lesions can upgrade the diagnostic 

property of B-mode US imaging method. 

(ii) Chapter 2 titled “Literature Review” involves the literature survey, which explains the 

various works that have been carried out in the grading of fatty liver disease and focal liver 

lesions using B-mode liver US images. 

(iii) Chapter 3 titled “Methodology” explain the complete database used in the present work. 

Various protocols followed in this chapter, i.e., estimation of liver US images, ROIs selection, 

and ROIs size for bifurcation of the dataset into training and testing data. 

(iv) Chapter 4 titled “SVM based CAC system for grading of fatty liver disease” gives a 

precise information on different observation carried out to design an SVM based CAC system 

for classification of fatty liver disease into mild, moderate and severe fatty liver classes 

respectively. 

 (v) Chapter 5 titled “SVM based CAC system for classification of focal liver lesions” gives a 

precise information of different observation carried out to design an SVM based CAC system 

for classification of focal liver disease into Cyst, HEM, HCC and MET focal liver classes 

respectively. 

(vi) Chapter 6 titled “Conclusion and Future Scope” conclude the work, which gives the brief 

summary of CAC system design for grading of fatty liver disease and classification of focal 

liver lesions. This chapter gives the idea of the future scope of this work. 
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Chapter 2 

Literature Review 

 

2.1 Introduction 

Fatty liver or steatosis is a condition characterized by the accumulation of fats over the liver 

[2]. A person with increased liver fat content is said to have fatty liver disease as some fat 

molecules build-up inside the liver cells. Further, focal lesions occur in a small region of the 

liver. However, these focal lesions can be diagnosed by imaging techniques. These focal 

lesions are classified as typical and atypical focal hepatic lesion (FHLs). For prolong analysis 

of focal liver diseases among atypical FHLs, generally experienced radiologist(s) anticipate in 

the process of classification depending upon the textural information present in the region 

inside and outside of the lesion. In this chapter, the earlier studies done in this field are 

discussed. 

2.2 CAC System Designs for Grading of Fatty Liver Disease 

In the present study, the ROI based approach is used for the grading of fatty liver US images 

[58-60, 62]. The concise overview for classification of fatty liver ultrasound images on studies 

conducted is given in Fig 2.1. 

 

 

Fig 2.1 Brief description of studies conducted for grading of fatty liver disease 
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2.2.1 CAC System Designs using ROI based Approaches (RBAs) 

M. B. Subramanya et al. [61] used the statistical features like gray level co-occurrence matrix 

(GLCM) for classification of mild, moderate and severe fatty liver classes and normal liver 

tissue. The CAD system developed consisted of 53 B-mode ultrasound images. The two types 

of regions of interest (ROIs), 293 in number with a size of 32 × 32 were marked which 

consisted of liver region of interest (LROIs) and diaphragm region of interest (DROIs). The 

multiple LROIs were extracted from the liver parenchyma at the same depth and the DROI was 

single ROI extracted from the diaphragm region of each image. The ratio feature consisted of 

the GLCM mean of LROIs and DROIs. Similarly, GLCM range features, inverse ratio features, 

additive ratio features were extracted. These features acted as inputs to the SVM classifier for 

classifying above mentioned diseases. However, it was noticed that the addition of Law’s ratio 

features boosted the performance and gave maximum classification accuracy of 84.9 %. 

U. R. Acharya et al. [9] classified fatty liver diseased ultrasound images. The total number of 

LROIs and DROIs extracted were 100 in number. In this work, discrete cosine transform 

(DCT) and random transform (RT) techniques were developed. 2D-DCT was implied on the 

random transformed image to obtain DCT coefficients. 2D-DCT frequency coefficient obtained 

was in a form of a 1D array. These were further subjected to Locality Sensitive Discriminant 

Analysis (LSDA) to reduce the number of features. The classification was performed using     

k-NN, PNN, Fuzzy Sugeno (FS) and SVM classifier. It was noticed that maximum 

classification accuracy of 98.1 % was achieved by FS. 

M. K. Yasser et al. [63] presented computerized tissue based classification technique to 

diagnose the liver ultrasound images. Tissue characterization parameters were extracted for the 

feature extraction module. Further, obtained parameters were processed to obtain the minimum 

number of parameters. Learning data of over 120 distinct pathologies-investigated cases were 

obtained from preprocessing step. The feature set of data was divided into independent testing 

and training sets. Further classification was done using neural classifiers and maximum 

classification accuracy of 94.5 % was achieved. 

W. C. Yeh et al. [64] performed classification by extracting wavelet transform and GLCM to 

classify the normal and fatty liver classes. The data set consisted of 19 B-mode ultrasound 

images. The research was based on predicting the steatosis grade. The samples taken were 

subdivided into four classes numbered from 0 to 3. Class 0 represented no change in liver shape 

due to fatty liver steatosis. Class 1 represented the case in which the affected area was less than 
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33 %. Similarly, class 2 was assigned if affected hepatocytes lied between 33 - 66 % and class 

3 was consigned when it was greater than 66 %. These 4 classes were combined to form 2 new 

classes, namely class 0 and combined class ranging from 1-3. The grading consisted of steatosis 

& non- steatosis and other grades were considered in class-4. Further, classification was done 

using SVM and it was found that liver steatosis at high frequency could be more accurately 

characterized with the classification accuracy of 94.3 %. 

 

Table 2.1 Summary of studies for grading of fatty liver disease 

Author(s) Classes considered ROI size No of ROIs Classifier  

U.R.Acharya  et al. [9] NOR/FLD Variable ROI size 100 SVM 

Y.M.Kadah et al. [58] NOR/FATTY/CIRRHOTIC 60 × 60 120 NN 

M.B.Subramanya et al.[61] NOR/MILD/MODERATE/SEV 32 × 32 293 SVM 

M.K.Yasser et al. [63] NOR/FATTY/CIRRHOTIC 60 × 60 120 k-NN 

W.C.Yeh et al. [64] NOR/FATTY − 19 SVM 

S.Mukherjee et al. [65] NOR/FATTY 60 × 60 88 SVM 

R.Ricardo et al. [66] NOR/FLD − 20 Bayes 

A.Anderia et al. [67] NOR/FLD 50 × 50 262 SVM 

M.Singh et al. [68] NOR/FATTY 30 × 30 30 SVM 

G. Li et al. [69] NOR/FATTY 64 × 64 93 SVM 

J.W.Jeong et al. [70] NOR/FATTY 40 × 40 54 ANN 

F.Minhas et al. [71] NOR/FLD 50 × 50 88 SVM 

U.R.Acharya et al. [72] NOR/FLD − 100 PNN 

M.M.Dan et al. [73] NOR/FLD − 120 RF 

U.R.Acharya et al. [74] NOR/FLD − 100 FS 

Present study MILD/MOD/SEV 32 × 32 180 SVM 

Note: NOR: Normal, MOD: Moderate, SEV: Severe, FLD: Fatty liver diseases, SVM: Support vector machine, 

kNN: k-nearest neighbor, PNN: Probabilistic neural network, RF: Random forest, FS: Fuzzy Sugeno, NN: Neural 

network. 

 

S. Mukherjee et al. [65] performed experiments on fatty liver ultrasound images. The degree of 

discrepancy was predicted betweeninormaliandifatty liver. US of 88 normal and fatty livers 

were considered. The GLCM, GLRL and Law’s features were calculated. It was noticed that 

the accuracy of   96.2 % was obtained using the SVM classifier. 
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R. Ricardo et al. [66] classified liver ultrasound images of steatosis using automatic 

classification algorithm. Feature selection was based on visual inspection of ultrasound image. 

Two output images were obtained. The first output image consisted of information of anatomic 

and echogenic parameters and the other one had speckled. The RF signals were used to 

compute the ultrasound images where the dynamic range compression was performed and 

classification accuracy using Bayes classifier was obtained. 

A. Anderia et al. [67] collected the dataset of 262 liver ultrasound images. The ROI of 50 × 50 

size was extracted from each image. The system consisted of 3 modules, i.e. feature extraction, 

feature selection and classification. The feature extraction module consisted of 241 features. 

However, in classification stage, three classifiers namely ANN, SVM and k-NN were 

developed. It was observed that SVM transformed much better providing an accuracy of      

97.5 %. 

M. Singh et al. [68] characterized liver disease by developing a novel method based on 

quantative emmetricas technique for classifying normal and fatty ultrasound images. This 

method was inspired from the radiologists’ visual criterion through echogenicity and texture of 

the liver ultrasound images. The metric was referred as a single parameter. This parameter was 

based on the homogeneity and the roughness of the surface. Five models of different texture 

were used to increase the feature space, namely spatial gray-level dependence matrices 

(SGLCM), statistical feature matrix (SFM), Law’s texture energy measure (LTEM), Fourier 

power spectrum (FPS) and Fractal features. In this work Fisher’s linear discriminative analysis 

was used for better feature selection. The classifiers were developed and accuracy of 92.7 % 

was obtained. 

G. Li et al. [69] developed computerized tissue based classification technique for classifying 

liver ultrasound images. In this study ROI of size 64 × 64 pixels were taken and after feature 

reduction, learning data of over 93 distinct pathologies-investigated cases were obtained from 

preprocessing step. The feature set of data was divided into independent testing and training 

sets. Then, these features were classified using neural classifiers. The accuracy of 89.7 % was 

obtained. 

X. Wang et al. [75] inspected ultrasonic image texture features of fatty and normal livers. The 

features extracted were GLCM and GLRL. The classifier model used ANN. Accuracy of 84 % 

and 97.1 % was obtained in the case of fatty and normal liver ultrasound images respectively.  

F. Minhas et al. [71] classified B-scan ultrasound images of Fatty liver disease (FLD) using a 

novel approach named as texture analysis of liver parenchyma. In this work, ROI of size         
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50 × 50 pixels was automatically selected for the proposed system. 88 ROIs were segmented 

and WPT & other statistical features were calculated. An accuracy of 95 % was obtained using 

a multi-class linear Supporttvectorymachine (SVM). 

M. M. Dan et al. [73] found the severity of ultrasound images of steatosis disease by designing 

computer aided systems. 120 ultrasound images of liver steatosis were collected. The dataset 

comprised 10 normal, 70 mild, 33 moderate and 7 severe steatosis. Liver steatosis images were 

graded into four stages. Training set consisted of 80 % images while testing sets consisted of 

only 20 % images for classification purpose. Support vector machine (SVM) and random 

forests (RF) were used for automatic evaluation of liver steatosis. It was observed that RF gave 

maximum classification accuracy of 96.9 %. 

It was observed from the literature survey that an ROI of small size generally, 10 × 10 was 

considered which lacks complete information about the disease tissue [76-77]. Further the large 

size increases the computation complexity. 

In the proposed work, different texture features including ratios of various parameters are 

calculated. The ROIs marked consisted of both the liver and diaphragm regions. Three classes, 

namely mild, moderate and severe classes are classified. The proposed system is described in 

the next section. 

2.3 CAC System Designs for Classification of Focal Liver Lesions 

The ROI based approach is used for the classification of focal liver US images. The concise 

overview for classification of focal liver ultrasound images on studies conducted is given in  

Fig 2.2. 

 

Fig 2.2 Brief description of studies conducted for classification of focal liver lesions 
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2.3.1 CAC System Designs using ROI based Approaches (RBAs) 

D. Mittal et al. [54] used statistical features based on the second order statistics, i.e. gray level 

co-occurrence matrix (GLCM), first order statistics (FOS), for differentiation of Cyst, HEM, 

HCC and MET classes of the liver. 111 ultrasound images of focal liver disease consisted of 65 

typical and 46 atypical images of 88 subjects were collected and 800 ROIs were extracted from 

the lesion region. This was done after preprocessing which included the enhancement of 

images. Further, 208 features were extracted. The neural network was used to classify the 5 

liver classes. The classified data had 432 out of 500 correctly classified samples. In this study, 

two modules were developed, namely features extraction module and features classification 

module. It was noticed from experimentation that atypical cases gave less accuracy as 

compared to typical cases. It was further noticed that HEM consisted of 90 % atypical cases. 

H. Sujana et al. [49] used GLRLM and FOS statistical features with NN (neural network) 

classifier to discriminate between normal, benign and malignant classes of the liver. It was 

noticed that 92.0 % accuracy was achieved. 

S. Poonguzhali et al. [50] used autocorrelation, Law’s, GLCM, and edge frequency based 

texture features for analysis of NOR, Cyst, HEM and MET liver classes. The accuracy obtained 

was 79.0 %. 

In these studies [49, 50] malignant lesions were examined as a single class; despite, diagnosis 

of malignant lesion as MET or HCC wasiclinicallyisignificantiforieffective management and 

treatment of liver malignancies [51,52,53]. Moreover, manually feature selection technique was 

used for extracting better features.  

J. Virmani et al. [61] classified the primary and secondary malignant focal liver lesions (HCCs 

and METs) from B-mode ultrasound images using the SVM classifier. In this study, 51 real 

ultrasound images were used with 54 malignant lesions, HCCs (small HCCs and 14 large 

HCCs) and MET. Both typical and atypical cases were considered. Further, 120 ROIs from 

inside and 54 ROI from the surroundings of the lesion were obtained. The size of the ROI used 

to be 32 × 32 pixels for the classification of five classes. A total of 112 features were extracted 

in the study (56 ratio and 56 without ratio). The feature selection was done by developing a 

genetic algorithm. 

J. Jeon et al. [70] classified the Cyst, hemangioma (HEM) and Malignant focal liver diseases 

from B-mode ultrasound images using the SVM classifier. In this study, 150 real ultrasound 
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images with 50 cyst lesions, 50 HEM lesions and 50 malignant lesions were taken. 150 

multiple ROIs were segregated from inside and outside the lesion. The features extracted were 

fed into SVM classifier. It was observed that the improved classification results were obtained 

in classifying hemangioma and malignant classes. The accuracy of hemangioma was 93 % and 

for malignant class was 89 %.   

 

Table 2.2 Summary of studies for classification of focal liver lesions 

Author(s) Classes considered ROI size No of ROIs Classifier 

H.Yoshida et al. [44] HEM/Malignant 64 × 64 pixels 193 Neural Network 

H.Sujana et al. [49]  NOR/HEM/Malignant 10 × 10 pixels 113 Neural Network  

S.Poonguzhali et al.[50] NOR/Cyst/HEM/Malignant 10 × 10 pixels 120 Neural Network 

J.Virmani et al. [53] NOR/Cirrhotic/HCC 32 × 32 pixels 180 SVM 

D.Mittal et al. [54] NOR/Cyst/HEM/HCC/MET 25 × 25 pixels 800 Neural Network 

J.Virmani et al. [61] HCC/MET 32 × 32 pixels 174 SVM 

J.Jeon et al. [77] Cyst/HEM/Malignant Variable ROI size 150 SVM 

J.Virmani et al. [78] NOR/Cyst/HEM/HCC/MET 32 × 32 pixels 491 BPNN 

D.Mittal [79] NOR/Cyst/HEM/HCC/MET 25 × 25 pixels 800 SVM 

Present work Cyst/HEM/HCC/MET Size of  lesion 168 SVM 

Note: NOR: Normal, HEM: Hemangioma, HCC: Hepatocellular carcinoma, MET: Metastatic carcinoma,   

BPNN: Back propagation neural networks.  

 

In another study, J. Virmani et al. [53] developed a CAC system for the classification of four 

focal liver classes (cyst, HEM, HCC and MET) and normal B-mode ultrasound images using a 

neural network classifier. In this study, 108 real ultrasound images were used, HCCs (10 small 

HCCs and 40 large HCCs and MET has typical and atypical cases were considered. Further, 

300 ROI from inside (IROI) and 111 ROI from the surroundings (SROI) of the lesion were 

obtained. The size of the ROIs selected was 32 × 32 pixels, for the classification of five classes. 

A total of 208 features were extracted in the study (104 ratio features and 104 without ratio). 

These features were dimensionally reduced using principal component analysis (PCA). High 

classification accuracy of 87.2 % was achieved by the neural network. 

H. Yoshida et al. [44] classified the HEM, HCC and Malignant focal liver diseases from B-

mode ultrasound images using a neural network classifier and developed a system which was 

capable of differentiating the focal liver echo texture patterns. In this work, 44 ultrasound 
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images, including 17 HEM, 11 HCC and 16 metastasis cases were analyzed. Further, 193 ROIs 

consisting of 50 hemangiomas, 87 hepatocellular carcinomas and 56 metastases were used. The 

ROI of size 25 × 25 pixels was used for the classification of three classes. The first step was to 

divide the liver ultrasound images into 2 classes benign and malignant, further, multiple texture 

features were calculated using wavelet packets. These malignant classes were further classified 

as HCC and MET using neural network. 

D. Mittal [45] performed an enhancement technique for focal liver lesions. Results were 

analyzed before and after enhancement techniques for ultrasound images. This technique 

increased the accuracy to detect focal liver lesions. Accuracy calculated through this technique 

was 72.4 %. 

P. Bharti et al. [46] described liver abnormality appearance in ultrasound images and specified 

the practical issues experienced while categorizing diffuse liver diseases addressed by software 

techniques. Computer aided diagnosis along with classifiers and features relevant to the disease 

were discussed.  

From the above studies, it was noticed that in these studies [49, 50] malignant lesions were 

examined as a single class, despite the diagnosis of malignant lesion as MET or HCC  

[51,52,53]. However, these classes shall be classified separately as they have significant 

clinical value. In the present  work, the importance of texture analysis of the region neighboring 

of the lesions is discussed. A CAC system foriclassification of focal liver lesions is designed 

and SVM classifier is used to classify B-mode ultrasound images. 

2.4 Concluding Remarks  

Many researches were carried out in the past for classification of fatty and focal liver images, 

however, the results were not satisfactory.  

(a) Fatty liver diseases: As per the best of the author’s learning, a single study is noted in the 

literature for classifying three fatty liver classes. The experiment is done for grading of fatty 

liver disease for classifying three fatty liver image classes, i.e. mild, moderate and severe fatty 

liver. 208 texture features were extracted by using GLCM. The classification accuracy of    

66.6 % is obtained using the CAC system. Therefore, in the present work, second order 

statistical features are comprehensively evaluated for grading of fatty liver disease such as 

mild, moderate and severe classes, respectively. The image index used in the present work 

consists of 41 ultrasound image data set and classification is performed by SVM classifier. The 

brief description of grading of fatty liver disease using US images is given in Fig 2.3. 
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Fig 2.3 Brief description of grading of fatty liver disease 

Note: The present work done is shown in the shaded region. 

 

(b) Focal liver lesions: Asiperithe best of the author’s learning, three studies have been noted in 

the literature in which the classification of four liver image classes, i.e. Cyst, HEM, HCC and 

MET liver [62] was proposed. A largeifeatureivectoriconsisting ofi208 texture features were 

extracted by using GLCM features. The CAC system designed giving better classification 

accuracy of 78.4 % as compared to other CAC system design by others [78]. In the present 

work, second order statistical features are comprehensively evaluated for classification of focal 

liver lesions such as Cyst, HCC, HEM and MET classes respectively. While performing such 

an experiment, it should be kept in mind that the pixel size less than 800 pixels should not be 

taken for evaluation statistics as much of the information is lost [69, 53, 57–60]. Therefore, in 

the proposed study, the author is used the ROI which covers the entire lesion for computing 

texture parameters. Different features (with and without ratio) are measured from regions inside 

and surrounding of the lesions. 
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Fig 2.4 Brief description of classification of focal liver lesions 

Note: The present work done is shown in the shaded region. 

 

In next chapter methodology for grading of fatty liver disease and classification of focal liver 

lesions is discussed. 
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Chapter 3 

 

Methodology  

 

3.1 Introduction 

Fatty liver or steatosis [74-81] is a state characterized by the aggregation of fats over the liver 

[7]. If a person has fatty liver tissue, his liver fat content increases by weight [82-93]. Focal 

liver diseases [94, 95] are the diseases which affect a small portion of the liver. The four classes 

of focal liver disease considered are1Cyst, hepatocellular carcinoma (HCC), hemangioma 

(HEM), and metastatic carcinoma (MET). Theipresentiwork is carried out with a view, grading 

of fatty liver disease [75-77] into mild, moderate and severe classes and classification of focal 

liver lesions into cyst, HEM, HCC and MET classes.  

3.2 Proposed Interactive System for Grading of Fatty Liver Disease and Classification of 

Focal Liver Lesions 

For grading of fatty liver disease and classification of focal liver lesions, an interactive system 

is proposed as shown in Fig 3.1.  

3.2.1 Module 1: SVM based CAC system for grading of fatty liver disease (without feature 

selection) 

This module classifies fatty liver US images into three classes, namely mild, moderate and 

severe fatty liver classes respectively. The visibility of the diaphragm is lower as we move from 

mild to severe fatty liver state. Therefore, ROIs are extracted from the liver parenchyma region 

as well as from the diaphragm region. 

SVM classifier is used to classify the fatty liver ultrasound images into mild, moderate and 

severe fatty liver in (Module 1). 

3.2.2 Module 2: SVM based CAC system for grading of fatty liver disease (with feature 

selection) 

In this module, feature selection method GA-kNN is used to optimize the feature set by 

removing the redundant features. The optimized feature set is used to classify the fatty liver US 

images into mild, moderate and severe fatty liver classes using support vector machine (SVM) 

classifier. 
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Fig 3.1 Block diagram of the proposed interactive system for grading of fatty liver disease  and classification of 

focal liver lesions 

Note: LROI: Liver region of interest, DROI: Diaphragm region of interest, IROI: Inside region of interest, SROI: 

Surrounding region of interest, Reduced FV: Reduced feature vector.  
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3.2.3 Module 3: SVM based CAC system for classification of focal liver lesions (without 

feature selection)  

This module classifies focal liver ultrasound images into four classes, namely Cyst, HEM, HCC 

and MET focal liver classes respectively. The HCC focal liver lesion occurs after cirrhosis. 

Therefore, ROIs are extracted from the lesion region (IROI) as well as from the surrounding 

region (SROI). 

SVM classifier is used to classify the focal liver US images into Cyst, HEM, HCC and MET 

focal liver in (Module 3). 

3.2.4 Module 4: SVM based CAC system for classification of focal liver lesions (with 

feature selection) 

This module classifies focal liver ultrasound images into four classes, namely cyst, HEM, HCC 

and MET focal liver classes respectively. Feature selection method GA-kNN is used to 

optimized the feature set by removing the redundant features. This optimized feature set is used 

to classify the focal liver ultrasound images into Cyst, HEM, HCC and MET focal liver classes 

using the SVM classifier. 

3.3 Image Assessment Protocol 

The ROI marked should be free from artifacts and sonographic appearance of liver diseases, 

i.e., fatty and focal liver diseases into different classes should be confirmed by the experienced 

radiologist based on their proficiency. 

3.4 Dataset Description 

(a) Fatty liver: In the present work, 41 B-mode ultrasound images containing 14 mild, 14 

moderate and 13 severe fatty liver images, collected from Biomedical Instrumentation 

Laboratory, IIT-Roorkee, Uttarakhand, India, have been used. Images are of size 800 × 600 

pixels, with a horizontal and vertical resolution of 96 dpi. The details of the dataset used are 

shown in Fig. 3.2. 

(b) Focal liver: In the present work, 84 images containing 121Cyst, 28 HEM, 14 HCC and 30 

MET focal liver images have been used. Images are of size 800 × 600 pixels, with a vertical 

and horizontal resolution of 96 dpi. The detail of the dataset used is shown in Fig. 3.3. 
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Fig 3.2 Data set description for grading of fatty liver disease 

 

Fig 3.3 Data set description for classification of focal  liver lesions 
 

3.4.1 Data collection protocols  

Protocols followed for data collection 

(i) Ultrasound scanner, Siemens ACUSON X300 is used. 

(ii) Extraction of ultrasound images from (right and left) hepatic ducts and blood vessels is not 

considered. 

(iii) The ultrasound images of only liver diseases and no other liver disorder is considered. 

3.4.2 ROI Extraction Protocols 

Theiprotocolsifollowed for extraction of ROIs andiselection of ROIisize for design of different 

modules isiexplain in thisisection. 
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3.4.2.1 Selection of ROIs 

Theifollowing protocolsiwereifollowed for cropping theiROIs from the imageidataset. 

(i) Module 1: SVM based CAC system for grading of fatty liver disease (without feature 

selection) 

Fatty liver disease is a diffused disease which affects the entire parenchyma of the liver. 

Inqtheqpresent study, two types of features are studied for analysis, i.e. Texture feature 

measure from liver ROI (LROIs) and texture ratio features measured by taking ratio of the 

texture feature measure from LROI and texture feature measure from corresponding diaphragm 

ROI (DROI). 

A total of 60 LROIs and 14 DROIs are cropped from mild liver, 60 LROIs and 14 DROIs have 

been cropped from moderate liver and 60 LROIs and 13 DROIs are cropped from severe liver 

class. The LROI and DROI is not extracted from (right and left) hepatic ducts and blood 

vessels.  

(ii) Module 2: SVM based CAC system for grading of fatty liver disease (with feature 

selection) 

A total of 60 LROIs and 14 DROIs are cropped from mild liver, 60 LROIs and 14 DROIs are 

cropped from moderate liver and 60 LROIs and 13 DROIs are cropped from severe liver class. 

(iii) Module 3: SVM based CAC system for classification of focal liver lesions (without 

feature selection) 

Focal liver lesions affect the small region of the liver. In ROI extraction module, ROIs are 

extracted from two parts of the liver, one from inside the lesion inside ROI (IROI) and another 

from outside the lesion surrounding ROI (SROI). In the present study, analysis of type of 

texture feature is done, i.e. Texture features measure from IROIs and texture ratio features 

measured by taking the ratio of the texture feature measure from IROI and texture feature 

measure from corresponding SROI. The IROI and SROI are not extracted from (right and left) 

hepatic ducts and blood vessels. A total of 7 IROIs and 7 SROIs are cropped from cyst liver, 15 

IROIs and 15 SROIs are cropped from HEM, 6 IROIs and 6 SROIs are cropped from HCC and 

14 IROIs and 14 SROIs are cropped from MET liver class. 
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(iv) Module 4: SVM based CAC system for classification of focal liver lesions (with feature 

selection) 

A total of 7 IROIs and 7 SROIs are cropped from cyst liver, 15 IROIs and 15 SROIs are 

cropped from HEM, 6 IROIs and 6 SROIs are cropped from HCC and 14 IROIs and 14 SROIs 

are cropped from MET liver class. 

3.4.2.2 Selection of ROIs size 

The general size varies in the literature from 10 × 10 pixels to 25 × 25 pixels. It is noticed from 

literature that Sujana et al. [49] has taken ROI size of 10 × 10 whereas in other studies [48, 50], 

ROI size of 25 × 25 is preferred. However, the pixels lesser than 800 will not give the reliable 

evaluation statistics. In this study the ROI sizes taken for different modules are discussed 

below: 

 (i) Module 1: SVM based CAC system for grading of fatty liver disease (without feature 

selection) 

In ROI extraction module, from each ultrasound image, a total of 180 Liver ROIs (LROIs) and 

41 Diaphragm ROIs (DROIs) of size 32 × 32 pixels are extracted from the liver parenchyma 

and diaphragm respectively [70, 71]. 

(ii) Module 2: SVM based CAC system for grading of fatty liver disease (with feature 

selection) 

In ROI extraction module, from each ultrasound image, a total of 180 Liver ROIs (LROIs) and 

41 Diaphragm ROIs (DROIs) of size 32 × 32 pixels are extracted from the liver parenchyma 

and from diaphragm respectively. 

(iii) Module 3: SVM based CAC system for classification of focal liver lesions (without 

feature selection) 

From each ultrasound image, a total of 84 inside ROIs (IROIs) of a size which cover maximum 

region of lesion and 84 surrounding ROIs (SROIs) of size 32 × 32 pixels are extracted from the 

lesion part of the liver and surrounding  respectively [81, 82]. 

(iv) Module 4: SVM based CAC system for classification of focal liver lesions (with feature 

selection) 

From each US image, a total of 84 inside ROIs (IROIs) of the size covering maximum region 

of the lesion and 84 surrounding ROIs (SROIs) of size 32 × 32 pixels are extracted from the 

lesion part of the liver and surrounding  respectively. 
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3.4.4 Dataset Bifurcation Protocol 

The overallidistribution of a dataset into training and testing data is explained in this section. 

(i) Module 1: SVM based CAC system for grading of fatty liver disease (without feature 

selection) 

 (a) For mild fatty liver, out of 74 ROIs, 36 ROIs are used for training data and 38 ROIs are 

used for testing data. (b) For moderate fatty liver, out of 74 ROIs, 38 ROIs are used for training 

data and 36 ROIs are used for testing data. (c) For severe fatty liver, out of 73 ROIs, 38 ROIs 

are used for training data and 35 ROIs are used for testing data. 

(ii) Module 2: SVM based CAC system for grading of fatty liver disease (with feature 

selection) 

(a) For mild fatty liver, out of 74 ROIs, 36 ROIs are used for training data and 38 ROIs are 

used for testing data. (b) For moderate fatty liver, out of 74 ROIs, 38 ROIs are used for training 

data and 36 ROIs are used for testing data. (c) For severe fatty liver, out of 73 ROIs, 38 ROIs 

are used for training data and 35 ROIs are used for testing data. 

(iii) Module 3: SVM based CAC system for classification of focal liver lesions (without 

feature selection) 

(a) For cyst focal liver, out of 24 ROIs, 12 ROIs are used for training data and 12 ROIs are 

used for testing data. (b) For HEM focal liver, out of 56 ROIs, 28 ROIs are used for training 

data and 28 ROIs are used for testing data. (c) For HCC focal liver, out of 28 ROIs, 14 ROIs 

are used for training data and 14 ROIs are used for testing data. (d) For MET focal liver, out of 

60 ROIs, 30 ROIs are used for training data and 30 ROIs are used for testing data. 

(iv) Module 4: SVM based CAC system for classification of focal liver lesions (with feature 

selection) 

(a) For cyst focal liver, out of 24 ROIs, 12 ROIs are used for training data and 12 ROIs are 

used for testing data. (b) For HEM focal liver, out of 56 ROIs, 28 ROIs are used for training 

data and 28 ROIs are used for testing data. (c) For HCC focal liver, out of 28 ROIs, 14 ROIs 

are used for training data and 14 ROIs are used for testing data. (d) For MET focal liver, out of 

60 ROIs, 30 ROIs are used for training data and 30 ROIs are used for testing data. 
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Dataset Description for Module 1, 2 

 

 Dataset Description for Module 3, 4 

 

Fig 3.4 Dataset description for grading of fatty liver disease and classification of focal liver lesions and its 

division into training and testing sets 

Note: LROI: Liver region of interest, DROI: Diaphragm region of interest, IROI: Inside region of interest, 

SROI: Surrounding region of interest. 

 

3.5 BriefiDescription ofiExperiments carried out in Present work 

Theiworkflow diagram forigeneralized interactiveisystem employed inipresent work is shown 

in Fig 3.5. 
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3.5.1 Module 1: SVM based CAC system for grading of fatty liver disease (without feature 

selection) 

This module classifies fatty liver ultrasound images into three classes, namely mild, moderate 

and severe fatty liver classes respectively. The second order statistical method GLCM is used 

to classify the different classes using interpixel distance ‘d’ from 1 to 10. 

Two types of features have been studied for analysis, i.e. Texture features measure from liver 

ROI (LROIs) and texture ratio features measure by taking the ratio of the texture feature 

measure from LROI and texture feature measure from corresponding diaphragm ROI (DROI). 

For classification of different classes SVM classifier is used. 

3.5.2 Module 2: SVM based CAC system for grading of fatty liver disease (with feature 

selection) 

This module classifies fatty liver ultrasound images into three classes, namely mild, moderate 

and severe fatty liver classes respectively The second order statistical method GLCM is used to 

classify the different classes using interpixel distance ‘d’ from 1 to 10. In this module, using 

GA-kNN the best features from module 1 are optimized and are then classified using the SVM 

classifier. 

3.5.3 Module 3: SVM based CAC system for classification of focal liver lesions (without 

feature selection)  

This module classifies focal liver ultrasound images into four classes, namely Cyst, HEM, HCC 

and MET focal liver classes respectively. The second order statistical method GLCM is used to 

classify the different classes using interpixel distance ‘d’ from 1 to 10. 

Two types of features have been studied for analysis, i.e. Texture features measure from IROIs  

and texture ratio features measured by taking the ratio of the texture feature measure from IROI 

and texture feature measure from corresponding surrounding ROI (SROI). For classification of 

different classes SVM classifier is used. 

3.5.4 Module 4: SVM based CAC system for classification of focal liver lesions (with 

feature selection) 

This module classifies focal liver ultrasound images into four classes, namely Cyst, HEM, HCC 

and MET focal liver classes respectively. The second order statistical method GLCM is used to 

classify the different classes using interpixel distance ‘d’ from 1 to 10. In this module, GA-kNN 

is used for optimization of the best features and then classifies using the SVM classifier. 
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Concluding Remarks 

This chapter covers the techniques for designing an efficient CAC system for grading of fatty 

liver disease and classification of focal liver lesions into their subclasses. The generalizediblock 

diagram for grading of fatty liver disease and classification of focal liver lesions is shown in 

Fig 3.6 and Fig 3.7. 

 

 

Fig 3.6 Block diagram for grading of fatty liver disease 

 

Fig 3.7 Block diagram for classification of focal liver lesions 

 

The feature classification methodology developed is discussed in successive chapters. 
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Chapter 4 

SVM based CAC System for Grading of Fatty Liver Disease 

 

4.1 Introduction 

The liver is a fundamental organ of the human body. Its main functions include: bile secretion 

and detoxification of chemicals from the body useful for digestion. Other functions of the liver 

are regulation of glycogen storage, disintegration of red blood cells and production of 

hormones. Liver also plays a dominating role in the metabolism of the human body 

The imaging modalities are used to determine how well the liver is working. Ultrasonography 

or diagnostic sonography is a real time non-invasive imaging technique used to examine 

internal body parts, their structure or disease affected area of that body part if any [4,5]. As 

ultrasound is a noninvasive medical test and captures real time images, it gives the structure of 

internal organs and their activities. However, there are certain limitations in ultrasound 

imaging. 

The CT offers high speed of acquisition, better spatial resolution and more precise contrast 

enhancement. It has low sensitivity and it needs a high radiation dose to detect the lesions 

which are smaller than 1cm. The detailed images of the tissues and organs of the body are 

created using a radio waves and magnetic field, this technique is called Magnetic Resonance 

Imaging. MRI is the best imaging technique as it provides high lesion-to-liver contrast. 

Fatty liver problem occurs on the entire parenchyma of the liver. In the present work, a CAC 

system is designed for the classification of fatty liver ultrasound images into mild, moderate 

and severe fatty liver classes. The visibility of the diaphragm is lower as one moves from mild 

to severe fatty liver state. Therefore, ROIs are extracted from the liver parenchyma region as 

well as from the diaphragm region. 

The sample images of mild, moderate and severe fatty liver classes with ROIs marked are 

shown in Fig 4.1. For classification of different classes SVM classifier is used. An efficient 

SVM based CAC system is designed for the grading of fatty liver disease.  
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Fig 4.1 Sample images of mild, moderate and severe fatty liver with ROIs marked. 

Note: ROI are extracted from the liver parenchyma (LROI) as well from the diaphragm region (DROI)  at the 

same depth. 

 

4.2 Dataset Description and its Bifurcation for Design of SVM based CAC System for 

Grading of Fatty Liver Disease  

In the present work, 41 B-mode ultrasound images containing 14 mild, 14 moderate and 13 

severe fatty liver images are used. A total of 180 Liver ROIs (LROIs) and 41 Diaphragm ROIs 

(DROIs) of size 32 × 32 pixels are extracted from the liver parenchyma and diaphragm 

respectively. The dataset descriptioniand its bifurcation intoitraining and testingidataset for 

grading of fattyiliver disease is depicted in Fig 4.2. 

 

Fig 4.2 Dataset description and its bifurcation for grading of fatty liver 

(a) For mild fatty liver out of 74 ROIs, 36 ROIs are used for training data and 38 ROIs are used 

for testing data. (b) For moderate fatty liver, out of 74 ROIs, 38 ROIs are used for training data 

and 36 ROIs are used for testing data. (c) For severe fatty liver, out of 73 ROIs, 38 ROIs are 

used for training data and 35 ROIs are used for testing data. 
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4.3 Experimental Workflow for the Design of SVM based CAC System for Grading of 

Fatty Liver Disease 

 

Fig 4.3 Experimental work flow for the design of SVM based CAC system for grading of fatty liver disease 

Note:GLCM-M: Grey level co-occurrence matrix mean, GLCM-R: Grey level co-occurrence matrix range,  

LROI-M: Liver region of interest mean, , DROI-M: Diaphragm region of interest mean, LROI-R: Liver region of 

interest range, , DROI-R: Diaphragm region of interest range, FV1 :GLCM mean features, FV2 :GLCM range 

features , CFV1: GLCM mean upon range  ratio features CFV2: GLCM range upon mean ratio features, AFV: 

GLCM mean + GLCM range additive features, RFV1: GLCM mean ratio features,RFV2: GLCM range ratio 

features CRFV1: (GLCM mean ratio) upon (GLCM range ratio) ratio features,CRFV2: (GLCM range ratio) upon 

(GLCM mean ratio) ratio features, ARFV: GLCM mean ratio + GLCM range ratio additive features.. 

 

The experimental workflow for the proposed computer aided classification (CAC) system 

design for fatty liver diseases is shown in Fig. 4.3. The present work is carried out for 

evaluating the efficiency of the proposed CAC system with a view to classify the fatty liver 

diseases into the mild, moderate and severe classes. 
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The ROI is an important aspect kept in mind while designing a CAC system. The pixels lesser 

than 800 will not give the reliable evaluation statistics as much of the information is lost. 

Second order statistical method GLCM is used for feature extraction. Further, SVM classifier is 

used for classification. 

Different experiments carried out for the grading of fatty liver disease is given below: 

4.3.1 Experiment 1:  Design of SVM based CAC System for Grading of Fatty Liver Disease 

(without ratio) 

In this experiment ROIs are extracted from the liver parenchyma at the same depth for mild, 

moderate and severe class. In this experiment GLCM is used for feature extraction. The 

classification of liver ultrasound images into mild, moderate and severe classes is carried out 

using the SVM classifier. Experimental workflow diagram for carrying out experiment 1 is 

given in Fig 4.4 

 

 

Fig 4.4 Experiment 1: Work flow for the design of SVM based CAC system for grading of fatty liver disease 
without ratio (only from LROI)  

Note: GLCM-M: gray level co-occurrence matrix means, GLCM-R: gray level co-occurrence matrix range,  

LROI-M: Liver region of interest mean, DROI-M: Diaphragm region of interest mean, LROI-R: Liver region of 

interest range, DROI-R: Diaphragm region of interest range, FV1: GLCM main features, FV2: GLCM range 

features, CFV1: GLCM mean upon range  ratio features CFV2: GLCM range upon mean ratio features, AFV: 

GLCM mean + GLCM range additive features, 
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Different feature vectors used in the design of SVM based CAC system for dgrading of fatty 

liver disease are given in Table 4.1.  

Table 4.1 Different feature vectors used in the design of SVM based CAC system for grading of fatty liver disease 

(without ratio) 

FV(s) Depiction l 

FV1 GLCM mean feature vector 17 

FV2 GLCM range feature vector 17 

CFV1 GLCM mean and GLCM range  ratio feature vector 17 

CFV2 GLCM range and GLCM mean ratio feature vector 17 

AFV GLCM mean and GLCM range additive feature vector 17 

ARFV GLCM mean ratio and GLCM range ratio, additive feature vector 17 

Note: FV: Feature vector, GLCM: gray level co-occurrence matrix, l: feature vector length. 

 

The briefidescription of theiexperiment 1 carried out in the presentiwork is given below: 

(a) Feature extraction Module for the Design of SVM based CAC System for Grading of 

Fatty Liver Disease 

First order statistics based texture features deal with the gray level distribution of an image. The 

first order statistics based features do not tell much about the information on the gray level pair 

of pixels and its relative location. The second order statistics features tell relation between two 

neighboring pixels in different offsets. The first pixel is called a reference pixel and the other is 

called a neighboring pixel. The gray level co-occurrence matrix (GLCM) is used to deal with 

the image attributes based on second order statistics. The GLCM features are calculated for 

grading of fatty liver disease are shown in Fig 4.1.  

GLCM is a matrix where number of gray levels is equivalent to the number of rows and 

columns. The GLCM matrix of frequencies Pθ,d (I1, I2), shows the repetition or the occurrence 

of gray level pairs. In GLCM matrix, second order statistical probability values depend upon 

displacement ‘d’ and particular angle ‘θ’ with gray level values of I1and I2. The second order 

statistical attributes are selected from GLCM matrix where pixels are treated as a pair and not 

individually. Basically occurrence matrix depends upon two important parameters: 
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1. The relative distance measured in between reference pixel and neighbor pixel, is 

represented as ‘d’. 

2. The relative angle ‘θ’ determined in four directions.  

 

 

Fig 4.5 GLCM features calculated for grading of fatty liver disease 

Note: GLCM-M: GLCM mean feature, GLCM-R: GLCM range feature, ASM: Angular second moment, CON: 

Contrast, IDM: Inverse difference moment, ENT: Entropy, COR: Correlation, VAR: Variance, SA: Sum average, 

SV: Sum variance, SE: Sum entropy, DV: Difference variance, DE: Difference entropy. 

 

These four directions show horizontal, vertical, diagonal and anti-diagonal 0º, 45º, 90º and 135 

º respectively, and can be represented by the equation (4.1) to equation (4.4).  
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where, these four sets refer to cardinality, f(k, l) is the intensity at pixel position (k, l) in the 

image of order (𝑀×𝑁) and order of matrix D is (𝑀 × 𝑁) × (𝑀 × 𝑁). The features extracted from 

GLCM are: coarseness, smoothness and texture- related information that has high 

discriminatory power. Let Fig. 1 is a matrix of gray levels of an image and Fig. 2 is a co-

occurrence matrix of this segment of the image. 

 

1 1 5 6 8 

2 3 5 7 1 

4 5 7 1 2 

8 5 1 2 5 

 

 1 2 3 4 5 6 7 8 

1 1 2 0 0 1 0 0 0 

2 0 0 1 0 1 0 0 0 

3 0 0 0 0 1 0 0 0 

4 0 0 0 0 1 0 0 0 

5 1 0 0 0 0 1 2 0 

6 0 0 0 0 0 0 0 1 

7 2 0 0 0 0 0 0 0 

8 0 0 0 0 1 0 0 0 
 

Fig 4.6 (a) Gray scale value matrix Fig 4.6 (b) Co-occurrence matrix (GLCM) 

 

The GLCM matrix has number of occurrences of a particular pixel pair in an image. These 

pixel pairs are indicated as (i, j). The GLCM matrix indicates the horizontal repetition of a pixel 

with a value i adjacent to another pixel having value j. It is clearifromiFig4.6 that the 

occurrences of pixel pairs (1, 1) are only one time and the repetition of pixel pair (1, 2) is two 

times. These repetitions are clearly defined by the GLCM matrix. The inter-pixel distance ‘d’ 

(which is generally defined by offset) and angle θ within a given neighborhood is used for 

calculated of the probability distribution between pixels.  
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The example of GLCM is shown in Fig 4.7.  

 

0 0 1 1 

0 0 1 1 

0 2 2 2 

2 2 3 3 
 

Fig 4.7 (a) Test image Fig 4.7 (b) Gray level co-occurrence matrix 

 

The intermediate output of the above Figure is given below with GLCM consisting of 16 data 

cells. 

Neighbor pixel value 0 1 2 3 

0 0,0 0,1 0,2 0,3 

1 1,0 1,1 1,2 1,3 

2 2,0 2,1 2,2 2,3 

3 3,0 3,1 3,2 3,3 

Fig 4.8 (a) Intermediate output 

 

The final filled matrix framework obtained is given in Fig 4.8 (b): 

2 2 1 0 

0 2 0 0 

0 0 3 1 

0 0 0 1 

Fig 4.8 (b) Final fill framework of GLCM 
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Inverse Difference Moment (IDM) 
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Correlation (COR) 
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Difference Variance (DV) 
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Difference Entropy (DE) 
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Cluster Prominence (CP) 

 

 CP = 

1
4

, 1

( 1 )
N

ij x y

i j

P i M M




                   (4.16) 

 

Information measures of correlation (IFC): 

IFC1=
[ ( , ) log( ( , ))] [ ( , ) log( ( ) ( ))]

max[[ ( , ) log( ( , ))] [ ( , ) log( ( ) ( ))]]

i j i j x y

i j i j x y

P i j P i j P i j P i P j

P i j P i j P i j P i P j

    

  


 

                     (4.17)    

IFC2=
1

2(1 exp[ 2.0([ ( ) ( ) log( ( ) ( )] [ ( , ) log( ( ) ( )])])i j x y x y i j x yP i P j P i P j P i j P i P j               
(4.18) 

 

Sum correlation (SC) 

2
, 1

1
( || ( ) ( ) ||), ( )

N
m

i j
i j

SC x i x j x i R
N 



                                                 (4.19) 

 

Diagonal Moment (DM) 

 

ij

ij

j

N
DM

N



                  (4.20) 

 



47 
 

In the present work, 2
nd 

order statistics based Gray level co-occurrence matrix (GLCM) features 

are extracted from each ROI. Features namely GLCM-Mean (GLCM-M) and GLCM-Range 

(GLCM-R) are computed from LROIs for different values of inter-pixel distance ‘d’ =1 to 10. 

A total of 17 features, namely the angular second moment, contrast, correlation, inverse 

difference moment, variance, sum average, sum variance, difference variance, sum entropy, 

entropy, difference entropy, information measures of correlation-1, information measures of 

correlation-2, cluster shade, cluster prominence, diagonal moment, sum correlation are 

computed from each (LROI and DROI) [72-74]. 

(b)  Feature Integration Module for the Design of SVM based CAC System for Grading of 

Fatty Liver Disease 

(i) Feature Integration Module 1: In feature integration module ratios of (LROIs-M / LROIs-R, 

LROIs-R / LROIs-M) have been calculated.  

(ii) Feature Integration Module 2: In feature integration module 2 additive features have been 

calculated by adding ratio features [(LROIs-M / LROIs-R) + (LROIs-R/LROIs-M)]. 

(c) Feature Classification Module for the Design of SVM based CAC System for Grading of 

Fatty Liver Disease 

In the present work, classification of three fatty liver classes, namely mild, moderate and severe 

is done. Further, SVM classifier is used for classification. The SVM classifier is a supervised 

classifier that uses decision planes to separate the class boundaries. It uses Gaussian radial basis 

function kernel to map the data points from the input space to higher dimensional feature space. 

The C and γ parameters of SVM are selected using a grid search by performing 10-fold cross 

validation on training data. The feature values are normalized between 0 and 1 by using a 

method of min-max normalization [96-113].  

The resultsiobtained after conductingiexperiment 1 are shown below: 

In experiment 1, 5 different experiments are carried out using different feature vectors (FVs) 

measure using GLCM statistics by varying inter-pixel distance ‘d’ from 1 to 10.  

4.3.1.1 Experiment 1 (a): Evaluating the efficacy of GLCM-M feature vector FV1 using SVM 

classifier. 

In this experiment GLCM-M features are extracted from each LROI by varying the inter-pixel 

distance ‘d’ from 1 to 10 is reported in Table 4.2. The extracted features are passed to SVM 

classifier and the performance of the proposed CAC system is evaluated. 
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Table 4.2 Performance of FV1 computed for  inter pixel distance  d from 1 to 10 using SVM classifier 

FV (l) d OCA ICAMI ICAMO ICASE 

FV1 (17) 

1 20.0 33.3 9.9 16.5 

2 35.5 53.1 26.4 26.4 

3 35.5 53.1 19.8 33.3 

4 38.8 30.0 9.9 43.2 

5 36.6 36.9 53.1 19.8 

6 38.8 46.5 26.4 43.2 

7 41.1 53.1 30.0 39.9 

8 36.6 39.9 26.4 43.2 

9 36.6 53.1 30.0 26.4 

10 41.1 33.3 36.6 53.1 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICAMI: Individual classification accuracy of 

mild class, ICAMO: Individual classification accuracy of moderate class, ICASE: Individual classification accuracy 

of severe class. OCA and ICA values are expressed in %age. 

 

GLCM-M statistics derived from LROI yield maximum overall classification accuracy value of 

41.1  % and ICA values of 53.1 %, 30 % and 39.9 % at d = 7. For ‘d’ = 10, the overall 

classification accuracy of  41.1  % and ICA values of 33.3 %, 36.6 % and 53.1 % is achieved 

for the above mentioned three stages. 

4.3.1.2 Experiment 1 (b): Evaluating the efficacy of GLCM-R feature vector FV2 using SVM 

classifier. 

In this experiment GLCM-R features are extracted from each LROI by varying the inter-pixel 

distance ‘d’ from 1 to 10 is reported in Table 4.3. The extracted features are passed to SVM 

classifier and the performance of the proposed CAC system is evaluated.  

 

Table 4.3 Performance of FV2 computed for  inter pixel distance d from 1 to 10 using SVM classifier. 

FV (l) d OCA ICAMI ICAMO ICASE 

FV2 (17) 

1 25.5 33.3 23.1 19.8 

2 30.0 49.8 16.5 23.1 

3 25.5 33.3 13.2 30.0 

4 33.3 46.5 16.5 36.6 

5 35.5 63.3 26.4 16.5 

6 33.3 49.8 26.4 23.1 

7 36.6 39.9 13.2 56.4 

8 33.3 49.8 6.6 43.2 

9 36.6 63.3 3.3 43.2 

10 26.6 33.3 16.5 30.0 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICAMI: Individual classification accuracy of 

mild class, ICAMO:  Individual classification accuracy of moderate class, ICASE: Individual classification accuracy 

of severe class. OCA and ICA values are expressed in % age. 
 

GLCM-R statistics derived from LROI yield maximum overall classification accuracy (OCA) 

value of 36.6  % at ‘d’ =7 and ICA values of 39.9 %, 13.2 % and 56.4 % for  mild, moderate 

and severe classes, respectively.  
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4.3.1.3 Experiment 1 (c): Evaluating the efficacy of GLCM-M and GLCM-R ratio feature 

vector CFV1 using SVM classifier. 

In this experiment ratio of GLCM-M and GLCM-R features are extracted from each LROI by 

varying the inter-pixel distance ‘d’ from 1 to 10 is reported in Table 4.4. The extracted features 

are passed to SVM classifier and the performance of the proposed CAC system is evaluated.  

 

Table 4.4 Performance of CFV1 computed for inter pixel distance d from 1 to 10 using SVM classifier. 

FV (l) d OCA ICAMI ICAMO ICASE 

CFV1 (17) 

1 44.4 76.5 13.2 43.2 

2 56.6 83.1 19.8 66.6 

3 47.7 60 19.8 63.3 

4 38.8 53.1 6.6 56.4 

5 41.1 56.4 3.3 63.3 

6 48.8 60.0 13.2 73.2 

7 48.8 73.2 23.1 49.8 

8 47.7 69.9 16.5 56.4 

9 44.4 56.4 16.5 60.0 

10 51.1 69.9 19.8 63.3 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICAMI: Individual classification accuracy of 

mild class, ICAMO:  Individual classification accuracy of moderate class, ICASE: Individual class accuracy of 

severe class. OCA and ICA values are expressed in % age. 

The ratio of GLCM-M and GLCM-R statistics derived from LROI yield maximum OCA value 

of 56.6  % at ‘d’ = 2 and ICA values of 83.1 %, 19.8 % and 66.6 % for mild, moderate and 

severe classes, respectively. 

4.3.1.4 Experiment 1 (d): Evaluating the efficacy of GLCM-R and GLCM-M ratio feature 

vector CFV2 using SVM classifier. 

In this experiment ratio of GLCM-R and GLCM-M features are extracted from each LROI by 

varying the inter-pixel distance ‘d’ from 1 to 10 is reported in Table 4.5. The extracted features 

are passed to SVM classifier and the performance of the proposed CAC system is evaluated.  

 

Table 4.5 Performance of CFV2 computed for  inter pixel distance d from 1 to 10 using SVM classifier. 

FV (l) d OCA ICAMI ICAMO ICASE 

CFV2 (17) 

1 24.0 33.3 26.6 36.6 

2 26.6 50.0 10.0 13.3 

3 22.2 23.3 30.0 26.6 

4 23.3 43.3 10.0 23.3 

5 30.0 60.0 6.6 23.3 

6 28.8 30.0 20.0 33.3 

7 37.7 46.6 23.3 46.6 

8 28.8 40.0 23.3 33.3 

9 31.1 3.0 80.0 10.0 

10 30.0 0.0 60.0 30.0 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICAMI: Individual classification accuracy of 

mild class, ICAMO:  Individual classification accuracy of moderate class, ICASE: Individual class accuracy of 

severe class. OCA and ICA values are expressed in % age. 
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The ratio of GLCM-R statistics and GLCM-M statistics derived from IROI yield maximum 

OCA value of 37.7 % at ‘d’ = 7 and ICA values of 46.6 %, 23.3 % and 46.6 % for mild, 

moderate and severe classes, respectively. 

 

4.3.1.5 Experiment 1 (e): Evaluating the efficacy of GLCM-M and GLCM-R addition feature 

vector AFV using SVM classifier. 

In this experiment addition of GLCM-M and GLCM-R features are extracted from each LROI 

by varying the inter-pixel distance ‘d’ from 1 to 10 is reported in Table 4.6. The extracted 

features are passed to SVM classifier and the performance of the proposed CAC system is 

evaluated.  

 

Table 4.6 Performance of AFV computed for  inter pixel distance d from 1 to 10 using SVM classifier. 

FV (l) d OCA ICAMI ICAMO ICASE 

AFV (17) 

1 27.7 43.3 16.6 23.3 

2 30.0 56.6 13.0 20.0 

3 33.3 53.3 13.3 33.3 

4 30.0 43.3 16.6 30.0 

5 30.0 43.3 13.3 33.3 

6 33.3 53.3 13.3 40.0 

7 35.3 33.3 20.0 53.3 

8 33.3 46.6 3.3 50.0 

9 34.4 33.3 0.0 50.0 

10 24.4 33.3 6.6 33.3 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICAMI: Individual classification accuracy of 

mild class, ICAMO:  Individual classification accuracy of moderate class, ICASE: Individual class accuracy of 

severe class. OCA and ICA values are expressed in % age. 

 

The ratio of GLCM-R statistics and GLCM-M statistics derived from LROI yield maximum 

classification accuracy value of 35.3 % at ‘d’ = 7 and ICA values of 33.3 %, 20.0 % and 53.3 % 

for  mild, moderate and severe classes, respectively. 

From experiment 1, it isiobserved that for featureiextracted using statistical method, maximum 

OCAivalue of 56.6  % is obtainediwith ratio of GLCM-M and GLCM-R featureivector (CFV1) 

computed at inter-pixelidistance  d = 1 along with ICA values of   79.8 %, 30.0 % and 60.0 %  

for mild, moderate and severeiclasses, respectively. Theidetailed resultiobtained from     

GLCM-M and GLCM-R statistics is given in Table 4.7. 
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Table 4.7 Description of FVs yielding the best classification accuracy values in experiments 1 (a) to 1 (e) using 

SVM classifier. 

FV (l) d OCA ICAMI ICAMO ICASE 

FV1 (17) 7 41.1 53.1 30.0 39.9 

FV2 (17) 9 36.6 63.3 3.3 43.2 

CFV1 (17) 1 56.6 79.8 30.0 60.0 

CFV2 (17) 7 35.3 33.3 20.0 53.3 

AFV (17) 7 37.7 46.6 23.3 46.6 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICAMI: Individual classification accuracy of 

mild class, ICAMO:  Individual classification accuracy of moderate class, ICASE: Individual classification accuracy 

of severe class. OCA and ICA values are expressed in % age. 

 

4.3.2 Experiment 2: Design of SVM based CAC System for Grading of Fatty Liver Disease 

(with ratio)  

 

Fig 4.9 Experiment 2: Work flow for the design. of SVM based CAC system for grading of fatty liver disease with 

ratio (LROI and DROI) 

Note: GLCM-M: Grey level co-occurrence matrix mean, GLCM-R: Grey level co-occurrence matrix range,  

LROI-M: Liver region of interest mean, , DROI-M: Diaphragm region of interest mean, LROI-R: Liver region of 

interest range, , DROI-R: Diaphragm region of interest range, RFV1: GLCM mean ratio features,RFV2: GLCM 

range ratio features CRFV1: (GLCM mean ratio) upon (GLCM range ratio) ratio features,CRFV2: (GLCM range 

ratio) upon (GLCM mean ratio) ratio features, ARFV: GLCM mean ratio + GLCM range ratio additive features.. 
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In this experiment ROIs are extracted from liver parenchyma as well as from the diaphragm 

region for mild, moderate and severe class. In this experiment GLCM is used for feature 

extraction. The classification of liver US images into mild, moderate and severe classes is 

carried out using the SVM classifier. Experimental workflow diagram for carrying out 

experiment 2 is given in Fig 4.9 

Different feature vectors used in design of SVM based CAC system for grading of fatty liver 

disease (with ratio) is given in Table 4.8.  

 

Table 4.8 Different feature vectors used in design of SVM based CAC system for grading of fatty liver disease 
(with ratio). 

FV(s) Depiction l 

RFV1 GLCM mean ratio feature vector 17 

RFV2 GLCM range ratio feature vector 17 

CRFV1 GLCM mean ratio and GLCM range ratio, ratio feature vector 17 

CRFV2 GLCM range ratio and GLCM mean ratio, ratio feature vector 17 

ARFV GLCM mean ratio and GLCM range ratio, additive feature vector 17 

Note: FV: Feature vector, GLCM: Grey level co-occurrence matrix, l: feature vector length. 

 

The briefidescription of experiment 2icarried out in the presentiwork is given below: 

(a)  Feature extraction Module for the Design of SVM based CAC System for Grading of 

Fatty Liver Disease 

First order statistics based texture features deal with the gray level distribution of an image. The 

first order statistics based features do not tell much about the information on the gray level pair 

of pixels and its relative location. The second order statistics features tell relation between two 

neighboring pixels in different offsets. The first pixel is called a reference pixel and other is 

called a neighboring pixel. The gray level co-occurrence matrix (GLCM) is used to deal with 

the image attributes based on second order statistics. 

In the present work, 2
nd 

order statistics based Gray level co-occurrence matrix (GLCM) features 

have been extracted from each ROI. Features namely GLCM-Mean (GLCM-M) and GLCM-

Range (GLCM-R) have been computed from LROIs, DROIs for different values of inter-pixel 

distance ‘d’ = 1 to 10. These feature sets of (LROIs and DROIs) are combined in three ways in 

the present work: (a) Ratio features, (b) Inverse ratio features and (c) additive ratio features. A 

total of 17 features, namely the angular second moment , contrast, correlation, inverse 

difference moment, variance, sum average, sum variance, difference variance, sum entropy, 

entropy, difference entropy, information measures of correlation-1, information measures of 
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correlation-2, Cluster Shade, Cluster Prominence, Diagonal Moment, Sum Correlation have 

been computed from each (LROI and DROI) [72-74]. 

(b)  Feature Integration Module for the Design of SVM based CAC System for Grading of 

Fatty Liver Disease 

(i) Feature Integration Module 1: In feature integration module ratios of (LROIs-M / DROIs-

M ratio with LROIs-R / DROIs-R, LROIs-R / DROIs-R ratio with LROIs-M / DROIs-M) have 

been calculated.  

(ii) Feature Integration Module 2: In feature integration module 2 additive features have been 

calculated by adding ratio features [(LROIs-M / DROIs-M ratio with LROIs-R / DROIs-R) + 

(LROIs-R / DROIs-R ratio with LROIs-M / DROIs-M)]. 

(c) Feature Classification Module for the Design of SVM based CAC System for Grading of 

Fatty Liver Disease 

For classification of different grades of fatty liver SVM classifier is used. The results obtained 

are given below: 

In the experiment 2, 5 different experiments are carried out using different feature vectors 

(FVs) measure using GLCM statistics by varying inter-pixel distance ‘d’ from 1 to 10.  

4.3.2.1 Experiment 2 (a): Evaluating the efficacy of GLCM mean ratio feature vector RFV1 

using SVM classifier. 

In this experiment ratio of GLCM-M features are extracted from each LROIs and DROIs by 

varying the inter-pixel distance ‘d’ from 1 to 10  is reported in Table 4.9. The extracted features 

are passed to SVM classifier and the performance of the proposed CAC system is evaluated.  

 

Table 4.9  Performance of RFV1 computed for inter pixel distance d from 1 to 10 using SVM classifier. 

FV (l) d OCA ICAMI ICAMO ICASE 

RFV1 (17) 

1 41.1 60.0 43.2 19.8 

2 48.8 60.0 43.2 43.2 

3 54.4 76.5 23.1 63.3 

4 53.3 73.2 33.3 53.1 

5 53.3 76.5 43.2 39.9 

6 57.7 79.8 39.9 53.1 

7 41.1 53.1 30.0 39.9 

8 41.1 66.6 19.8 36.6 

9 44.4 53.1 19.8 60.0 

10 64.4 66.6 53.1 73.2 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICAMI: Individual classification accuracy of 

mild class, ICAMO:  Individual classification accuracy of moderate class, ICASE: Individual classification 

accuracy of severe class. OCA and ICA values are expressed in % age. 
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The ratio of GLCM-M statistics derived from LROI and DROI yield maximum classification 

accuracy value of 64.4 % at ‘d’ = 10 and ICA values of 66.6 %, 53.1 % and 73.2 % for mild, 

moderate and severe classes, respectively. 

4.3.2.2 Experiment 2 (b): Evaluating the efficacy of GLCM-R ratio feature vector RFV2 using 

SVM classifier. 

In this experiment ratio of GLCM-R features are extracted from each LROIs and DROIs by 

varying the inter-pixel distance ‘d’ from 1 to 10 is reported in Table 4.10. The extracted 

features are passed to SVM classifier and the performance of the proposed CAC system is 

evaluated.  

Table 4.10 Performance  of RFV2 computed for  inter pixel distance d from 1 to 10 using SVM classifier. 

FV (l) d OCA ICAMI ICAMO ICASE 

RFV2 (17) 

1 56.6 73.2 19.8 76.5 

2 48.8 69.9 69.9 36.6 

3 47.7 49.8 30.0 63.3 

4 43.3 63.3 30.0 36.6 

5 46.6 46.5 63.3 30.0 

6 45.5 60.0 43.2 33.3 

7 43.3 46.5 39.9 43.2 

8 41.11 46.5 39.9 36.6 

9 47.7 53.1 49.8 39.9 

10 56.6 79.8 30.0 60.0 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICAMI: Individual classification accuracy of 

mild class, ICAMO:  Individual classification accuracy of moderate class, ICASE: Individual classification accuracy 

of severe class. OCA and ICA values are expressed in % age. 

 

The ratio of GLCM-R statistics derived from LROI and DROI yield maximum OCA value of      

56.6 % at ‘d’ = 1  and ICA values of 73.2 %, 19.8 % and 76.5 %. For d = 10, the OCA value of  

56.6  % and ICA values of 79.8 %, 30 % and 60 % for  mild, moderate and severe classes, 

respectively. 

4.3.2.3 Experiment 2 (c): Evaluating the efficacy of GLCM-M and GLCM-R, ratio feature 

vector CRFV1 using SVM classifier. 

In this experiment ratio of GLCM-M and GLCM-R features are extracted from each LROIs and 

DROIs by varying the inter-pixel distance ‘d’ from 1 to 10  is reported in Table 4.11. The 

extracted features are passed to SVM classifier and the performance of the proposed CAC 

system is evaluated.  
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Table 4.11 Performance of CRFV1 computed for inter pixel distance d from 1 to 10 using SVM classifier. 

FV (l) d OCA ICAMI ICAMO ICASE 

CRFV1 (17) 

1 54.4 83.1 9.9 69.9 

2 52.2 79.8 3.3 73.2 

3 52.2 73.2 19.8 63.3 

4 56.6 79.8 30.0 60.0 

5 63.3 86.4 23.1 79.8 

6 56.6 83.1 30.0 56.4 

7 50.0 73.2 16.5 60.0 

8 46.6 56.4 26.4 56.4 

9 51.1 66.6 23.1 63.3 

10 47.7 66.6 26.4 49.8 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICAMI: Individual classification accuracy of 

mild class, ICAMO:  Individual classification accuracy of moderate class, ICASE: Individual classification accuracy 

of severe class. OCA and ICA values are expressed in % age. 
 

Ratio of GLCM-M statistics and GLCM-R statistics derived from LROI and DROI yield 

maximum OCA value of 63.3  % at ‘d’ = 5 and ICA values of 86.4 %, 23.1 % and 79.8 % for 

mild, moderate and severe classes, respectively. 

4.3.2.4 Experiment 2 (d): Evaluating the efficacy of GLCM-R and GLCM-R ratio, ratio feature 

vector CRFV2 using SVM classifier. 

In this experiment ratio of GLCM-R and GLCM-M features are extracted from each LROIs and 

DROIs by varying the inter-pixel distance ‘d’ from 1 to 10  is reported in Table 4.12. The 

extracted features are passed to SVM classifier and the performance of the proposed CAC 

system is evaluated.  

 

Table 4.12 Performance of CRFV2 computed for inter pixel distance d from 1 to 10 using SVM classifier.  

FV (l) d OCA ICAMI ICAMO ICASE 

CRFV2 (17) 

1 53.3 76.5 16.5 66.9 

2 51.1 79.8 6.6 66.6 

3 53.3 73.2 23.1 63.3 

4 57.7 56.4 43.2 73.2 

5 45.5 39.9 23.1 73.2 

6 54.4 66.6 26.4 69.9 

7 52.2 66.6 30.0 60.0 

8 45.5 79.8 36.6 19.8 

9 50.0 73.2 33.3 43.2 

10 45.5 73.2 26.4 36.6 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICAMI: Individual classification accuracy of 

mild class, ICAMO:  Individual classification accuracy of moderate class, ICASE: Individual classification accuracy 

of severe class. OCA and ICA values are expressed in % age. 

 

The inverse ratio of GLCM-M and GLCM-R statistics derived from LROI and DROI yield 

maximum OCA value of 54.4 % at ‘d’ = 6 and ICA values of 66.6 %, 26.4 % and 69.9 % for 

mild, moderate and severe classes, respectively. 
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4.3.2.5 Experiment 2 (e): Evaluating the efficacy of GLCM-M and GLCM-R additive, ratio 

feature vector ARFV using SVM classifier. 

In this experiment addition of GLCM-M and GLCM-R features are extracted from each LROIs 

and DROIs by varying the inter-pixel distance ‘d’ from 1 to 10  is reported in Table 4.13. The 

extracted features are passed to SVM classifier and the performance of the proposed CAC 

system is evaluated.  

 

Table 4.13 Performance of ARFV computed for inter-pixel distance d from 1 to 10 using SVM classifier. 

 d OCA ICAMI ICAMO ICASE 

ARFV (17) 

1 53.3 86.4 6.6 66.6 

2 47.7 69.9 9.9 66.6 

3 43.3 49.8 16.5 63.3 

4 51.1 63.3 30.0 60.0 

5 45.5 53.1 19.8 63.3 

6 46.6 63.3 19.8 56.4 

7 40.0 60.0 9.9 49.8 

8 40.0 63.3 9.9 46.5 

9 43.3 56.4 19.8 53.1 

10 41.1 66.6 13.2 43.2 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICAMI: Individual classification accuracy of 

mild class, ICAMO:  Individual classification accuracy of moderate class, ICASE: Individual classification accuracy 

of severe class. OCA and ICA values are expressed in % age. 

 

The addition of the ratio of GLCM mean and GLCM range statistics derived from LROI and 

DROI yield maximum OCA value of 53.1  % at d=1 and ICA values of 86.4 %, 6.6 % and    

66.6 %  for mild, moderate and severe classes, respectively. 

From experiment 2, it isiobserved that for featureiextracted using statistical method, maximum 

OCAivalue of 64.4  % is obtainediwith ratio of GLCM-M statistics derived from LROI and 

DROI (RFV1) computed at inter-pixelidistance  d = 10 along with ICA values of   66.6 %,    

53.1 % and 73.2 %  for mild, moderate and severeiclasses, respectively. Theidetailed 

resultiobtained from     GLCM-M and GLCM-R statics is given in Table 4.14. 

 

Table 4.14 Description of FVs yielding the best classification accuracy values in experiments 2 (a) to 2 (e) using 

SVM classifier. 

FVs (l) d OCA ICAMI  ICAMO  ICASE 

RFV1 (17) 10 64.4 66.6 53.1 73.2 

RFV2 (17) 1 56.6 79.8 30.0 60.0 

CRFV1 (17) 6 63.3 86.4 23.1 79.8 

CRFV2 (17) 4 57.7 56.4 43.2 73.2 

ARFV (17) 1 53.3 86.4 6.6 66.6 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICAMI: Individual classification accuracy of 

mild class, ICAMO:  Individual classification accuracy of moderate class, ICASE: Individual classification accuracy 

of severe class. OCA and ICA values are expressed in % age. 
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4.3.3 SVM based CAC System for Grading of Fatty Liver Disease (with feature selection) 

Optimization is a process which makes something as fully as perfect by finding the maximum 

value of function involved in it. Different types of optimization techniques have been used for 

feature selection in image processing. In this study, GA-kNN feature selection technique has 

been used [42,114,115]. A GA implementation step is shown in Fig 4.10. 

The classification task in real time can be increased when irrelevant features present and the 

classification accuracy also reduces. In the present work, two steps are as follows:- 

 

Fig 4.10 GA implementation steps 

(a) Removal of (FVs) whose classification accuracy is less and find the FV, which has a 

maximum classification accuracy among them with the help of k-NN classifier.  

(b) Here the binary genetic algorithm (GA) is applied for feature selection to find the subset of 

The FV and the fitness function for GA is maximum classification accuracy obtained by the k-

NN. 

In the present study population size = 20, mutation rate = 0.05, crossover rate= 0.7 is used.  
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The features selected after applying GA-kNN feature selection technique are angular second 

moment-mean, contrast-mean, sum of average-mean, sum of variance-mean, entropy-mean and 

difference entropy-mean.  

The ratio of GLCM mean statistics derived from LROI and DROI yield maximum 

classification accuracy value of 64.4  % and ICA values of 66.6 %, 53.1 % and 73.2 %  at      

‘d’ = 10 for mild, moderate and severe classes, respectively. After feature selection using    

GA-kNN, classification accuracy increase to 66.6 % and ICA values of 68.8 %, 60.0 % and 

73.2 % for mild, moderate and severe image classes. Optimized fatty liver features are shown 

in Fig 4.3. 

 

Fig 4.11: Optimized GLCM features for grading of fatty liver disease 

 

4.3.3.1 Experiment 3: Evaluating the efficacy of GLCM-M ratio, reduced feature vector      

(Reduced-RFV1) using SVM classifier  

In this experiment ratio of GLCM-M features are extracted from each LROIs and DROIs by 

taking the inter-pixel distance ‘d’ = 10  is reported in Table 4.15. The extracted features are 

passed to SVM classifier and the performance of the proposed CAC system is evaluated.  

From experiment 3, it isiobserved that for featureiextracted using statistical method, maximum 

OCAivalue of 66.6  % is obtainediwith reduced ratio feature of GLCM-M statistics derived 
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from LROI and DROI (Reduced-RFV1) computed at inter-pixelidistance  d = 10 along with 

ICA values of   68.8 %, 60.0 % and 73.2 %. 

 

Table 4.15 Performance of reduced RFV1 computed for inter pixel distance d = 10 using SVM classifier. 

FV (l) 
CM 

OCA ICAMI ICAMO ICASE 
 MI MO SE 

Reduced RFV1 (6) 

MI 18 12 0 

66.6 68.8 60.0 73.2 MO 4 18 8 

SE 0 9 21 

Note: ‘l’: Length of feature vector, CM: Confusion matrix, MI: Mild, MO: Moderate, SE: Severe, OCA: Overall 

classification accuracy, ICA: Individual classification accuracy, GA: Genetic algorithm, The ICA and OCA values 

in %. 

A proposed CAC system for grading of fatty liver disease using GA-kNN is shown in Fig 4.12. 

 

Fig 4.12  Proposed CAC system for grading of fatty liver disease using SVM classifier 

Note:  Reduced RFV: Reduced ratio feature vector 
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4.4 Concluding Remarks 

In the present work, to classify the instances of the testing the dataset of fatty classes into one 

of the three classes named as: mild, moderate and severe, SVM classifier is used to classify the 

fatty liver diseases. The Reduced-RFV1 yielding the best overall maximum OCA value of 

66.6  % at ‘d’ = 10 and ICA values of 68.8 %, 60.0 % and 73.2 % for mild, moderate and 

severe liver classes of  fatty liver disease. 

 

Table 4.16  Classification performance of experiment 1, 2 and 3. 

CAC System Designs FV l Classes OCA ICA 

Experiment 1 CFV1 17 
Mild 

Moderate 

Severe 

 

56.6 

79.8 

30.0 

60.0 

Experiment 2 RFV1 17 
Mild 

Moderate 

Severe 

 

64.4 

66.6 

53.1 

73.2 

Experiment 3 Reduced-RFV1 6 
Mild 

Moderate 

Severe 

66.6 68.8 

60.0 

73.2 

Note: Reduced-RFV1: Reduced ratio feature vector, OCA: Overall classification accuracy (%), ICA: Individual 

classification accuracy (%) 

 

The structure of features classification methods for the classification of focal liver lesions into 

Cyst, HEM, HCC and MET classes are explained in next chapter. 
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Chapter 5 

SVM based CAC System for Classification of Focal Liver Lesions  

 

5.1 Introduction 

The liver is a fundamental organ of the human body. Its main functions include: bile secretion 

and detoxification of chemicals from the body useful for digestion. Other functions of the liver 

are regulation of glycogen storage, disintegration of red blood cells and production of 

hormones. Liver also plays a dominating role in the metabolism of the human body 

The sample images of the1Cyst, HEM, HCC and MET focal liver lesions with ROIs marked 

are shown in Fig 5.1. For classification of different classes SVM classifier is used. An efficient 

SVM based CAC system is designed for the classification of focal liver lesions.  

 

 

Fig 5.1 Sample US  images of Cyst, HEM, HCC and MET liver with ROIs marked. 

 

Focal liver lesions occurs only in the small region of the liver.In the proposed work, a CAC 

system is designed for the classification of focal liver US images into the1Cyst, HEM, HCC 
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and MET classes. The HCC focal liver state occurs after the cirrhosis. Therefore, ROIs are 

extracted from region inside the lesion as well as from the surrounding of the lesion. 

5.2 Dataset description and its Bifurcation for Design of  SVM based CAC System for 

Classification of Focal Liver Lesions  

In the present work, 84 B-mode US images containing 12 Cyst, 28 HEM, 14 HCC and 30 

MET1 focal liver images have been used. A total of 84 Inside ROIs (IROIs) and 84 

Surrounding ROIs (SROIs) of size equal to the size of the lesion are extracted from the liver 

lesion region and the surroundings of the lesion, respectively. The image dataset is depicted in 

Fig 5.2. 

 

 

Fig 5.2 Data set description and its bifurcation for classification of focal liver lesions 
 

(a) For Cyst focal liver, out of 24 ROIs, 12 ROIs are used for training data and 12 ROIs are 

used for testing data. (b) For HEM focal liver, out of 56 ROIs, 28 ROIs are used for training 

data and 28 ROIs are used for testing data. (c) For HCC focal liver, out of 28 ROIs, 14 ROIs 

are used for training data and 14 ROIs are used for testing data. (d) For MET focal liver, out of 

60 ROIs, 30 ROIs are used for training data and 30 ROIs are used for testing data. 
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5.3 Experimental Workflow for the Design of SVM based CAC System for Classification 

of Focal Liver Lesions 

 

 

Fig 5.3 Experimental work flow for the design of SVM based CAC system for classification of focal liver lesions 

Note: GLCM-M: Grey level co-occurrence matrix mean, GLCM-R: Grey level co-occurrence matrix range,     

IROI-M: Inside region of interest mean, , SROI-M: Surrounding region of interest mean, IROI-R: Inside region of 

interest range, , SROI-R: Surrounding region of interest range, FV1 :GLCM mean features, FV2 :GLCM range 

features , CFV1: GLCM mean upon range  ratio features CFV2: GLCM range upon mean ratio features, AFV: 

GLCM mean + GLCM range additive features, RFV1: GLCM mean ratio features,RFV2: GLCM range ratio 

features CRFV1: (GLCM mean ratio) upon (GLCM range ratio) ratio features,CRFV2: (GLCM range ratio) upon 

(GLCM mean ratio) ratio features, ARFV: GLCM mean ratio + GLCM range ratio additive features. 
 

The experimental workflow for the proposed computer aided classification (CAC) system 

design for fatty liver diseases is shown in Fig. 5.3. Theipresentiwork isicarried out for 
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evaluating the efficacy of the proposed CAC system with a view to classify the focal liver 

lesions into the Cyst, HEM, HCC and MET classes. 

The ROI is the important aspect which is to be kept in mind while designing a CAC system. 

For doing such an experiment it should be kept in mind that the pixels lesser than the 800 will 

not give the reliable evaluation statistics as much of the information is lost.Second order 

statistical method GLCM is used for feature extraction. Further, SVM classifier is used for 

classification purpose. 

The briefidescription of theiexperiments carried out for the classification of focal liver lesions 

is given below: 

5.3.1 Experiment 1: Design of SVM based CAC System for Classification of Focal Liver 

Lesions  

As discussed earlier, the ROIs are extracted from the focal liver lesion for Cyst, HEM, HCC 

and MET class. In this experiment GLCM  is used for feature extraction. The classification of 

liver US images into Cyst, HEM, HCC and MET classes is carried out using the SVM 

classifier. Experimental workflow diagram for carrying out experiment 1 is given in Fig 5.4 

 

Fig 5.4 Experiment 1: Work flow for the design of SVM based CAC system for classification of focal liver lesions 

(without ratio) 

Note:GLCM-M: Gray level co-occurrence matrix mean, GLCM-R: Gray level co-occurrence matrix range,     

IROI-M: Inside region of interest mean,  SROI-M: Surrounding region of interest mean, IROI-R: Inside region of 

interest range, SROI-R: Surrounding region of interest range, FV1: GLCM mean features, FV2: GLCM range 

features , CFV1: GLCM mean upon range  ratio features CFV2: GLCM range upon mean ratio features,          

AFV: GLCM mean + GLCM range additive features. 
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The briefidescription of the featureivectors used in the design of SVM based CAC system for 

classification of focal liver lesions is given in Table 5.1.  

 

Table 5.1 Different feature vectors used in the design of SVM based CAC system for classification of focal 

liver lesions (without ratio) 

FV(s) Depiction l 

FV1 GLCM mean feature vector 17 

FV2 GLCM range feature vector 17 

CFV1 GLCM mean and GLCM range  ratio feature vector 17 

CFV2 GLCM range and GLCM mean ratio feature vector 17 

AFV GLCM mean and GLCM range additive feature vector 17 

ARFV GLCM mean ratio and GLCM range ratio, additive feature vector 17 

Note: FV: Feature vector, GLCM: Gray level co-occurrence matrix, l: feature vector length. 

 

The briefidescription of Experiment 1 is  given below: 

(a) Feature Extraction Module for the Design of  SVM based CAC System for Classification 

of Focal Liver Lesions 

First order statistics based texture features deal with the gray level distribution of an image. The 

first order statistics based features do not tell much about the information on the gray level pair 

of pixels and its relative location. The second order statistical features tells the relation between 

two neighboring pixels in different offsets. The first pixel is called a reference pixel and the 

other is called a neighbor pixel.The gray level co-occurrence matrix (GLCM) is used to deal 

with the image attributes based on second order statistics. The GLCM features are calculated 

for  focal liver lesions is shown in Fig 5.5. A GLCM is a matrix where number of gray levels is 

equivalent to the number of rows and columns. The GLCM matrix has the number of 

occurrences of a particular pixel pair in an image. 

In the present work, 2
nd 

orderIstatistics based Gray level co-occurrence matrix (GLCM) 

features are extracted from each ROI. Features namely GLCM-Mean (GLCM-M) and GLCM-

Range (GLCM-R) are computed from LROIs for different values of inter-pixel distance ‘d’ = 1 

to 10. A total of 17 features, namely angular secondimoment, contrast,icorrelation, inverse 

difference moment, variance, sumiaverage, sumivariance, differenceivariance, sumientropy, 

entropy, differenceientropy, information measures of correlation-1, informationimeasures of 

correlation-2, cluster shade, clusteriprominence, diagonal moment, Sum correlation are 

computed from each IROI and SROI [83-85]. 
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Fig 5.5 GLCM features calculated for classification of focal liver lesions 

Note: GLCM-M: GLCM mean feature, GLCM-R: GLCM range feature,ASM: Angural second moment, CON: 

Contrast, IDM: Inverse difference moment, ENT: Entropy, COR: Correlation, VAR: Variance, SA: Sum average, 

SV: Sum variance, SE: Sum entropy, DV: Difference variance , DE: Difference entropy. 
 

(b) Feature Integration Module for the Design of SVM based CAC System for Classification 

of  Focal Liver Lesions 

(i) Feature Integration Module 1: In feature integration module ratios of (IROIs-M / IROIs-R, 

IROIs-R / IROIs-M) are calculated. 

(ii) Feature Integration Module 2: In feature integration module 2 additive features are 

calculated by adding ratio features [(IROIs-M / IROIs-R) + (IROIs-R/IROIs-M)]. 

(c) Feature Classification Module for the Design of SVM based CAC System for 

Classification of Focal Liver Lesions 

In the present work, to classify the instances of the testing the data set of focal liver classes into 

one of the four classes named as: Cyst, HEM, HCC and MET, the SVM classifier is used for 

the classification of four classes [96-113].  

The results obtained are given below: 

In experiment 1, 5 different experiments have been carried out using different feature vectors 

(FVs) measure using GLCM statistics by varying inter-pixel distance ‘d’ from 1 to 10.  

5.3.1.1 Experiment 1 (a): Evaluating the efficacy of GLCM-M feature vector FV1 using SVM 

classifier. 
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In this experiment GLCM-M features are extracted from each LROI by varying the inter-pixel 

distance ‘d’ from 1 to 10 is reported in Table 5.2. The extracted features are passed to SVM 

classifier and the performance of the proposed CAC system is evaluated. 

 

Table 5.2 Performance of FV1 computed for inter pixel distance ‘d’ from 1 to 10 using SVM classifier 

FV (l) d OCA ICACYST ICAHEM ICAHCC ICAMET 

FV1 (17) 

1 39.5 0.0 0.0 35.7 80.0 

2 46.5 83.3 0.0 57.1 46.6 

3 48.8 100 14.2 14.2 80.0 

4 55.8 83.3 14.2 42.8 80.0 

5 51.1 100 0.0 28.5 80.0 

6 46.5 83.3 14.2 42.8 56.6 

7 48.8 66.6 28.5 35.7 66.6 

8 51.1 100 14.2 57.1 46.6 

9 44.1 83.3 0.0 57.1 40.0 

10 53.4 100 14.2 57.1 53.3 

Note:d: Inter-pixel distance, OCA: Overall classification accuracy; ICACYST: Individual classification accuracy 

of cyst class, ICAHEM:  Individual classification accuracy of HEM class, ICAHCC: Individual classification 

accuracy of HCC class, ICAMET:  Individual classification accuracy of MET class. OCA and ICA values are 

expressed in %age. 

 

GLCM mean statistics derived from IROI  yield maximum OCA value of 55.8 % and ICA 

values of 83.3 %, 14.4 %, 42.8 % and 80 % at ‘d’ = 4 for 1Cyst, HEM, HCC andiMET classes 

respectively. 

5.3.1.2 Experiment 1 (b): Evaluating the efficacy of GLCM-R feature vector FV2 using SVM 

classifier. 

In this experiment GLCM-R features are extracted from each LROI by varying the inter-pixel 

distance ‘d’ from 1 to 10 is reported in Table 5.3. The extracted features are passed to SVM 

classifier and the performance of the proposed CAC system is evaluated. 

 

Table 5.3 Performance of FV2 computed for inter pixel distance ‘d’ from 1 to 10 using SVM classifier. 

FV (l) d OCA ICACYST ICAHEM ICAHCC ICAMET 

FV2 (17) 

1 44.1 16.6 0.0 64.2 66.6 

2 48.8 50.0 0.0 64.2 40.0 

3 48.8 66.6 0.0 71.4 46.6 

4 48.8 66.6 0.0 64.2 53.3 

5 44.1 33.3 14.2 64.2 46.6 

6 37.2 0.0 0.0 7.1 100 

7 46.5 50.0 0.0 71.4 46.6 

8 46.5 16.6 0.0 60.0 66.6 

9 37.2 50.0 14.2 53.3 60.0 

10 48.8 66.6 0.0 64.2 53.3 

Note:d: Inter-pixel distance, OCA: Overall classification accuracy; ICACYST: Individual classification accuracy 

of cyst class, ICAHEM:  Individual classification accuracy of HEM class, ICAHCC: Individual classification 

accuracy of HCC class, ICAMET:  Individual classification accuracy of MET class. OCA and ICA values are 

expressed in %age. 
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GLCM range statistics derived from IROI yield maximum OCA value of 48.8 % and ICA 

values of 50 %, 0 %, 64.2 % and 40 %at ‘d’ = 2. For ‘d’ = 3 OCA value of 48.8  % and ICA 

values of 66.6 %, 0 %, 71.4 % and 46.6 %. For ‘d’ = 10 OCA value of 48.8  % and ICA values 

of 66.6 %, 0.0 %, 64.2 % and 53.3 %. For ‘d’ = 10 OCA value of 48.8 % and ICA values of 

66.6 %, 0 %, 64.2 % and 53.3 % for1Cyst, HEM, HCC and MET classes, respectively. 

5.3.1.3 Experiment 1 (c): Evaluating the efficacy of GLCM-M and GLCM-R ratio feature 

vector CFV1 using SVM classifier. 

In this experiment ratio of GLCM-M and GLCM-R features are extracted from each LROIby 

varying the inter-pixel distance ‘d’ from 1 to 10 is reported in Table 5.4. The extracted features 

are passed to SVM classifier and the performance of the proposed CAC system is evaluated. 

 

Table 5.4 Performance of AFV computed for inter pixel distance ‘d’ from 1 to 10 using SVM classifier. 

FV (l) d OCA ICACYST ICAHEM ICAHCC ICAMET 

AFV (17) 

1 44.1 16.6 0.0 64.2 66.6 

2 48.8 83.3 0.0 42.8 66.6 

3 51.1 83.3 0.0 57.1 60.0 

4 48.8 66.6 0.0 64.2 53.3 

5 48.8 66.6 0.0 64.2 53.3 

6 44.1 33.3 14.2 64.2 46.6 

7 53.4 100 14.2 64.2 46.6 

8 41.8 66.6 0.0 57.1 40.0 

9 41.8 0.0 0.0 78.5 46.6 

10 46.5 66.6 0.0 57.1 53.3 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICACYST: Individual classification accuracy 

of cyst class, ICAHEM:  Individual classification accuracy of HEM class, ICAHCC: Individual classification 

accuracy of HCC class, ICAMET:  Individual classification accuracy of MET class. OCA and ICA values are 

expressed in %age. 

 

 

The addition of GLCM-M statistics and GLCM-R statistics derived from IROI yield maximum 

classification accuracy value of 53.4 % and ICA values of 100 %, 14.2 %, 64.2% and 46.6 % at 

‘d’ = 7 for1Cyst, HEM,2HCC and MET classes, respectively. 

5.3.1.4 Experiment 1 (d): Evaluating the efficacy of GLCM-R and GLCM-M ratio feature 

vector CFV2 using SVM classifier. 

In this experiment ratio of GLCM-R and GLCM-M features are extracted from each LROIby 

varying the inter-pixel distance ‘d’ from 1 to 10 is reported in Table 5.5. The extracted features 

are passed to SVM classifier and the performance of the proposed CAC system is evaluated. 
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Table 5.5 Performance of CFV1 computed for inter pixel distance ‘d’ from 1 to 10 using SVM classifier 

FV (l) d OCA ICACYST ICAHEM ICAHCC ICAMET 

CFV1 (17) 

1 44.1 16.6 0.0 64.2 66.6 

2 46.5 83.3 0.0 14.2 86.6 

3 48.8 83.3 14.2 14.2 86.6 

4 46.5 83.3 0.0 28.5 73.3 

5 44.1 50.0 0.0 35.7 73.3 

6 46.5 66.6 0.0 57.1 53.3 

7 58.1 83.3 14.2 64.2 66.6 

8 44.1 50.0 0.0 71.4 40.0 

9 46.5 66.6 0.0 28.5 80.0 

10 48.8 50.0 0.0 57.1 66.6 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICACYST: Individual classification accuracy 

of cyst class, ICAHEM:  Individual classification accuracy of HEM class, ICAHCC: Individual classification 

accuracy of HCC class, ICAMET:  Individual classification accuracy of MET class. OCA and ICA values are 

expressed in %age. 

 

The ratio of GLCM-M statistics and GLCM-R statistics derived from IROI  yield maximum 

OCA value of 58.1  % and ICA values of 83.3 %, 14.2 %, 64.2 % and 66.6 % at ‘d’ = 7 

for1Cyst,1HEM,2HCC and MET classes, respectively. 

4.3.1.5 Experiment 1 (e): Evaluating the efficacy of GLCM-M and GLCM-R addition feature 

vector AFV using SVM classifier. 

In this experiment addition of GLCM-M and GLCM-R features are extracted from each LROI 

by varying the inter-pixel distance ‘d’ from 1 to 10 is reported in Table 5.6. The extracted 

features are passed to SVM classifier and the performance of the proposed CAC system is 

evaluated. 

 

Table 5.6 Performance of CFV2 computed for inter pixel distance ‘d’ from 1 to 10 using SVM classifier. 

FV (l) d OCA ICACYST ICAHEM ICAHCC ICAMET 

CFV2 (17) 

1 44.1 16.6 0.0 64.2 66.6 

2 48.8 83.3 0.0 71.4 40.0 

3 48.8 83.3 0.0 71.4 40.0 

4 51.1 83.3 0.0 71.4 40.0 

5 39.5 66.6 0.0 60.0 26.6 

6 46.5 66.6 0.0 28.5 80.0 

7 44.1 66.6 0.0 57.1 46.6 

8 48.8 66.6 0.0 64.2 53.33 

9 48.8 66.6 0.0 57.1 60.0 

10 34.8 16.6 0.0 42.8 53.3 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICACYST: Individual classification accuracy 

of cyst class, ICAHEM:  Individual classification accuracy of HEM class, ICAHCC: Individual classification 

accuracy of HCC class, ICAMET:  Individual classification accuracy of MET class. OCA and ICA values are 

expressed in %age. 

 

The ratio of GLCM-R statistics and GLCM-M statistics derived from IROI  yield maximum 

OCA value of 51.1  % and ICA values of 83.3 %, 0 %, 71.4 % and 40 % at ‘d’ = 4 for Cyst, 

HEM,2HCC and MET classes, respectively. 
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From experiment 1, it isiobserved that for featureiextracted using statistical method, maximum 

OCAivalue of 58.1  % is obtainediwith GLCM-M featureivector (CFV1) computed at inter-

pixelidistance  d = 4 along with ICA values of   83.3  %, 14.2 % and 42.8 % and 80.0 %   for 

Cyst, HEM,2HCC and MET classes, respectively. Theidetailed resultiobtained from GLCM-M 

and GLCM-R statistics is given in Table 5.7. 

 

Table 5.7  Description of FVs yielding the best classification accuracy values in experiments 1 (a) to 1 (e) using 

SVM classifier. 

FVs (l) d OCA ICACYST ICAHEM ICAHCC ICAMET 

FV1 (17) 4 55.8 83.3 14.2 42.8 80.0 

FV2 (17) 2 48.8 50.0 0 64.2 40.0 

CFV1 (17) 7 58.1 83.3 14.2 64.2 66.6 

CFV2 (17) 4 51.1 83.3 0.0 71.4 40.0 

AFV (17) 7 53.4 100 14.2 64.2 46.6 

Note:d: Inter-pixel distance, OCA: Overall classification accuracy; ICACYST: Individual classification accuracy of 

cyst class, ICAHEM:  Individual classification accuracy of HEM class, ICAHCC: Individual classification accuracy 

of HCC class, ICAMET:  Individual classification accuracy of MET class. OCA and ICA values are expressed in 

%age. 

 

5.3.2 Experiment 2: Design of SVM based CAC System for Classification of Focal Liver 

Lesions (with Ratio) 

In this experiment ROIs are extracted from focal liver lesion as well as from the surrounding of 

the lesion for Cyst, HEM, HCC and MET class. In this experiment GLCM is used for feature 

extraction. The classification of focal liver US images into Cyst, HEM, HCC and MET classes 

is carried out using the SVM classifier. Experimental workflow diagram for carrying out 

experiment 2 is given in Fig 5.6. 

The brief description of feature vectors used in the design of SVM based CAC system for 

classification of focal liver lesions are given in Table 5.8.  

 

Table 5.8 Different feature vectors used in the design of an SVM based CAC system for classification of focal 

liver lesions (with ratio) 

FV(s) Depiction l 

RFV1 GLCM mean ratio feature vector 17 

RFV2 GLCM range ratio feature vector 17 

CRFV1 GLCM mean ratio and GLCM range ratio, ratio feature vector 17 

CRFV2 GLCM range ratio and GLCM mean ratio, ratio feature vector 17 

ARFV GLCM mean ratio and GLCM range ratio, additive feature vector 17 

Note: FV: Feature vector, GLCM: Gray level co-occurrence matrix, l: feature vector length. 
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Fig 5.6 Experiment 2: Work flow for the design of SVM based CAC system for classification of 

focal liver lesions (with ratio). 
Note: GLCM-M: Grey level co-occurrence matrix mean, GLCM-R: Grey level co-occurrence 

matrix range,     IROI-M: Inside region of interest mean, SROI-M: Surrounding region of interest 

mean, IROI-R: Inside region of interest range, , SROI-R: Surrounding region of interest 

range,RFV1: GLCM mean ratio features,RFV2: GLCM range ratio features CRFV1: (GLCM mean 

ratio) upon (GLCM range ratio) ratio features,CRFV2: (GLCM range ratio) upon (GLCM mean 

ratio) ratio features, ARFV: GLCM mean ratio + GLCM range ratio additive features. 
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The briefidescription ofiexperiment 2 is given below: 

(a) Feature extraction Module for the Design of  SVM based CAC System for Classification 

of Focal Liver Lesions 

In the present work, 2
nd

orderwstatistics based Gray level co-occurrencewmatrix (GLCM) 

features are extracted from each ROI. Features namely GLCM-Mean (GLCM-M) and GLCM-

Range (GLCM-R) are computed from IROIs for different values of inter-pixel distance ‘d’ = 1 

to 10. A total of 17 features, namely angular secondimoment, contrast,icorrelation, inverse 

difference moment, variance, sumiaverage, sumivariance, differenceivariance, sumientropy, 

entropy, differenceientropy, information measures of correlation-1, informationimeasures of 

correlation-2, cluster shade, clusteriprominence, diagonal moment, sum correlation are 

computed from each IROI and SROI. 

(b)  Feature Integration Module for the Design of SVM based CAC System for Classification 

of Focal Liver Lesions 

(i) Feature Integration Module 1: In feature integration module ratios of (IROIs-M / SROIs-M 

ratio with IROIs-R / SROIs-R, IROIs-R / SROIs-R ratio with IROIs-M / SROIs-M) have been 

calculated.  

(ii) Feature Integration Module 2: In feature integration module 2 additive features have been 

calculated by adding ratio features [(IROIs-M / SROIs-M ratio with IROIs-R / SROIs-R) + 

(IROIs-R / SROIs-R ratio with IROIs-M / SROIs-M)]. 

(c) Feature Classification Module for the Design of SVM based CAC System for 

Classification of Focal Liver Lesions 

For classification of focal liver lesion SVM classifier is used. 

The results obtained are given below: 

In the experiment 2, 5 different experiments are carried out using different feature vectors 

(FVs) measure using GLCM statistics by varying inter-pixel distance ‘d’ from 1 to 10.  

5.3.2.1 Experiment 2 (a): Evaluating the efficacy of GLCM-M ratio feature vector RFV1 using 

SVM classifier. 

In this experiment ratio of GLCM-M features are extracted from each IROIs and SROIs by 

varying the inter-pixel distance ‘d’ from 1 to 10  is reported in Table 5.9. The extracted features 

are passed to SVM classifier and the performance of the proposed CAC system is evaluated. 
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Table 5.9 Performance of RFV1 computed for inter pixel distance ‘d’ from 1 to 10 using SVM classifier. 

FV (l) d OCA ICACYST ICAHEM ICAHCC ICAMET 

RFV1 (17) 

1 62.7 0.0 57.1 64.2 93.3 

2 51.1 0.0 83.3 71.4 40.0 

3 58.1 66.6 16.6 57.1 80.0 

4 58.1 50.0 0.0 64.2 86.6 

5 48.8 66.6 28.5 42.8 60.0 

6 51.1 83.3 0.0 71.4 40.0 

7 51.1 33.3 0.0 50.0 86.6 

8 55.5 66.6 42.8 50.0 66.6 

9 46.5 66.6 0.0 28.5 80.0 

10 55.8 33.3 0.0 64.2 86.6 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICACYST: Individual classification accuracy 

of cyst class, ICAHEM:  Individual classification accuracy of HEM class, ICAHCC: Individual classification 

accuracy of HCC class, ICAMET:  Individual classification accuracy of MET class. OCA and ICA values are 

expressed in %age. 

 

GLCM-M statistics derived from IROI and SROI  yield maximum OCA value of 58.1  % and 

ICA values of 66.6 %, 16.6 %, 57.1 % and 80 % at ‘d’ = 3. For d= 4 OCA value of 58.1  % and 

ICA values of 50 %, 0 %, 64.2 % and 86.6 % for Cyst, HEM, HCC and MET classes, 

respectively. 

5.3.2.2 Experiment 2 (b): Evaluating the efficacy of GLCM-R ratio feature vector RFV2 using 

SVM classifier. 

In this experiment ratio of GLCM-R features are extracted from each LROIs and DROIs by 

varying the inter-pixel distance ‘d’ from 1 to 10  is reported in Table 5.10. The extracted 

features are passed to SVM classifier and the performance of the proposed CAC system is 

evaluated. 

Table 5.10 Performance of RFV2 computed for inter pixel distance ‘d’ from 1 to 10 using SVM classifier. 

FV (l) d OCA ICACYST ICAHEM ICAHCC ICAMET 

RFV2 (17) 

1 58.1 66.6 16.6   57.1 80.0 

2 46.5 66.6 42.8 57.1 33.3 

3 41.8 50 42.8 42.8 40.0 

4 48.8 66.6 28.5 42.8 60.0 

5 51.1 50.0 0.0 64.2 66.6 

6 44.1 0.0 14.2 35.7 86.6 

7 41.8 50.0 14.2 57.1 40.0 

8 46.5 16.6 14.2 78.5 46.6 

9 60.4 50.0 14.2 64.2 86.6 

10 41.8 20.0 14.2 64.2 46.6 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICACYST: Individual classification accuracy 

of cyst class, ICAHEM:  Individual classification accuracy of HEM class, ICAHCC: Individual classification 

accuracy of HCC class, ICAMET:  Individual classification accuracy of MET class. OCA and ICA values are 

expressed in %age. 

 

GLCM-R statistics derived from IROI and SROI yield maximum overall classification 

accuracy value of 60.4  % and ICA values of 50 %, 14.2 %, 64.2 % and 86.6 % at ‘d’ = 9 for 

Cyst, HEM, HCC and MET classes, respectively. 
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5.3.2.3 Experiment 2 (c): Evaluating the efficacy of GLCM-M and GLCM-R, ratio feature 

vector CRFV1 using SVM classifier. 

In this experiment ratio of GLCM-M and GLCM-R features are extracted from each LROIs and 

DROIs by varying the inter-pixel distance ‘d’ from 1 to 10  is reported in Table 5.11. The 

extracted features are passed to SVM classifier and the performance of the proposed CAC 

system is evaluated. 

 

Table 5.11 Performance of CRFV1 computed for inter pixel distance ‘d’ from 1 to 10 using SVM classifier. 

FV (l) d OCA ICACYST ICAHEM ICAHCC ICAMET 

CRFV1 (17) 

1 62.7 83.3 14.2 57.1 86.6 

2 46.5 66.6 42.8 57.1 33.3 

3 58.1 83.3 0.0 42.8 93.3 

4 53.4 66.6 0.0 42.8 86.6 

5 55.8 50.0 0.0 57.1 80.0 

6 58.1 83.3 14.2 57.1 73.3 

7 41.8 50.0 14.2 57.1 40.0 

8 48.8 16.6 0.0 50.0 86.6 

9 55.8 50.0 0.0 57.1 86.6 

10 60.4 83.3 14.2 57.1 80.0 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICACYST: Individual classification accuracy 

of cyst class, ICAHEM:  Individual classification accuracy of HEM class, ICAHCC: Individual classification 

accuracy of HCC class, ICAMET:  Individual classification accuracy of MET class. OCA and ICA values are 

expressed in %age. 

The ratio of GLCM-M statistics and GLCM-R statistics derived from IROI and SROI  yield 

maximum OCA value of 62.7  % and ICA values of 83.3 %, 14.2 %, 57.1 % and 86.6 % at d=1 

for Cyst, 1HEM, HCC and METclasses, respectively. 

5.3.2.4 Experiment 2 (d): Evaluating the efficacy of GLCM-R and GLCM-R ratio, ratio feature 

vector CRFV2 using SVM classifier. 

In this experiment ratio of GLCM-R and GLCM-M features are extracted from each LROIs and 

DROIs by varying the inter-pixel distance ‘d’ from 1 to 10  is reported in Table 5.12. The 

extracted features are passed to SVM classifier and the performance of the proposed CAC 

system is evaluated. 
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Table 5.12 Performance of CRFV2 computed for inter pixel distance d from 1 to 10 using SVM classifier. 

FV (l) d OCA ICACYST ICAHEM ICAHCC ICAMET 

CRFV2 (17) 

1 74.4 83.3 85.7 50.0 93.3 

2 46.5 66.6 42.8 57.1 33.3 

3 53.0 66.6 0.0 42.8 86.6 

4 48.8 66.6 0.0 42.8 73.3 

5 53.8 66.6 14.2 50.0 80.0 

6 55.8 50.0 0.0 57.1 86.6 

7 65.1 83.3 42.8 64.2 73.3 

8 53.4 50.0 14.2 71.4 60.0 

9 48.8 16.6 0.0 50.0 86.6 

10 53.4 16.6 14.2 64.2 80 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICACYST: Individual classification accuracy 

of cyst class, ICAHEM:  Individual classification accuracy of HEM class, ICAHCC: Individual classification 

accuracy of HCC class, ICAMET:  Individual classification accuracy of MET class. OCA and ICA values are 

expressed in %age. 

 

The ratio of GLCM range statistics and GLCM mean statistics derived from IROI and SROI  

yield maximum OCA value of 74.4  % and ICA values of 83.3 %, 85.7 %, 50 % and 93.3 % at 

‘d’ = 1 for Cyst, HEM, HCC and MET classes, respectively. 

5.3.2.5 Experiment 2 (e): Evaluating the efficacy of GLCM-M and GLCM-R additive, ratio 

feature vector ARFV using SVM classifier. 

In this experiment addition of GLCM-M and GLCM-R features are extracted from each LROIs 

and DROIs by varying the inter-pixel distance ‘d’ from 1 to 10  is reported in Table 5.13. The 

extracted features are passed to SVM classifier and the performance of the proposed CAC 

system is evaluated. 

 

Table 5.13 Performance of ARFV computed for inter pixel distance ‘d’ from 1 to 10 using SVM classifier. 

FV (l) d OCA ICACYST ICAHEM ICAHCC ICAMET 

ARFV (17) 

1 60.4 50.0 66.6 42.8 86.6 

2 46.5 66.6 42.8 57.1 33.3 

3 48.8 66.6 28.5 35.7 66.6 

4 53.4 16.6 14.2 64.2 80.0 

5 46.5 33.3 0,0 57.1 66.6 

6 53.0 66.6 0.0 42.8 86.6 

7 53.4 50.0 28.5 50.0 73.3 

8 53.4 20.0 14.2 57.1 86.6 

9 58.1 83.3 14.2 57.1 73.3 

10 46.5 16.6 14.2 71.4 53.3 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICACYST: Individual classification 

accuracy of cyst class, ICAHEM:  Individual classification accuracy of HEM class, ICAHCC: Individual 

classification accuracy of HCC class, ICAMET:  Individual classification accuracy of MET class. OCA and 

ICA values are expressed in %age. 

 

The addition of GLCM-R statistics and GLCM-M statistics derived from IROI and SROI  yield 

maximum OCA value of 60.4  % and ICA values of 50 %, 66.6 %, 42.8 % and 86.6 % at       

‘d’ = 1 for 1Cyst, HEM, HCC and MET classes, respectively. 
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From experiment 2, it isiobserved that for featureiextracted using statistical method, maximum 

OCAivalue of 74.4  % is obtainediwith ratio of GLCM-R and GLCM-M statistics derived from 

IROI and SROI (CRFV2) computed at inter-pixelidistance  ‘d’ = 1 along with ICA values of   

83.3 %, 85.7 %, 50 % and 93.3 % for Cyst, HEM, HCC and MET classes, respectively. 

Theidetailed resultiobtained from GLCM-M and GLCM-R statics is given in Table 4.14. 

 

Table 5.14 Description of FVs yielding the best classification accuracy values in experiments 2 (a) to 2 (e) using 

SVM classifier. 

FVs (l) d OCA ICACYST ICAHEM ICAHCC ICAMET 

RFV1 (17) 3 58.1 66.6 16.6 57.1 80.0 

RFV2 (17) 9 60.4 50.0 14.2 64.2 86.6 

CRFV1 (17) 1 62.7 83.3 14.2 57.1 86.6 

CRFV2 (17) 1 74.4 83.3 85.7 50.0 93.3 

ARFV (17) 1 60.4 50.0 66.6 42.8 86.6 

Note: d: Inter-pixel distance, OCA: Overall classification accuracy; ICACYST: Individual classification accuracy 

of cyst class, ICAHEM:  Individual classification accuracy of HEM class, ICAHCC: Individual classification 

accuracy of HCC class, ICAMET:  Individual classification accuracy of MET class. OCA and ICA values are 

expressed in %age. 

 

5.3.4 SVM based CAC System for Classification of Focal  Liver Lesions (with feature 

selection) 

Optimization is a process which makes something as fully as perfect by finding the maximum 

value of function involved in it. Different types of optimization techniques are used for feature 

selection in image processing. In this study, GA-kNN feature selection technique has been used 

[42,114,115]. 

In the present study population size = 20, mutation rate = 0.05, crossover rate= 0.7 has been 

used. 

The features selected after applying GA-kNN feature selection technique are angular second 

moment-mean, contrast-mean, sum of squares variance, sum entropy-mean and difference 

entropy-mean.  

The ratio of GLCM range statistics and GLCM mean statistics derived from IROI and SROI  

yield maximum classification accuracy value of 74.4 % and ICA values of 83.3 %, 85.7 %,    

50 % and 93.3 % at ‘d’ =1  for 1Cyst, HEM, HCC and MET classes, respectively. After 

optimization using GA-kNN, overall classification accuracy increase to 78.37 % and  ICA 

values of 100.0 %, 44.0 %, 100.0 % and 80.0 % for 1Cyst, HEM, HCC and MET 

classes.Optimized focal liver features for classification of focal liver lesions are shown in      

Fig 5.7. 
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Fig 5.7: Optimized GLCM features for classification of focal liver lesions 

 

5.3.4.1 Experiment 3: Evaluating the efficacy of GLCM-M and GLCM-R ratio, Reduced 

feature vector (Reduced-CRFV2) using SVM classifier  

In this experiment ratio of GLCM-R and GLCM-M statistics derived from IROIs and SROIs by 

taking the inter-pixel distance ‘d’ = 1  is reported in Table 5.15. The extracted features are 

passed to GA-kNN classifier and the performance of the proposed CAC system is evaluated. 

From experiment 3, it is observed that the ratio of GLCM-R statistics and GLCM-M statistics 

derived from IROI and SROI after applying GA-kNN feature selection technique yield 

maximum OCA value of 78.3  % and ICA values of 83.3 %, 85.7 %, 50 % and 93.3 % at d=1 

for Cyst, HEM, HCC and MET classes, respectively. 

 

Table 5.15 Performance of Reduced-CRFV2 for inter-pixel distance ‘d’ = 1 using SVM classifier. 

FV (l) 

CM 

OCA ICACYST ICAHEM ICAHCC ICAMET 

 
CYS

T 
HEM HCC MET 

Reduced 

CRFV2 (5) 

CYST 6 0 0 0 

78.37 83.3 85.7 50 93.3 HEM 1 4 0 4 

HCC 0 0 7 0 

MET 1 1 1 12 

Note: ‘l’: Length of feature vector, CM: Confusion matrix, HEM: Hemangioma, HCC: Hepatocellular carcinoma, 

MET: Metastatic carcinoma, OCA: Overall  classification accuracy, ICA: Individual classification accuracy, GA: 

Genetic algorithm, The ICA and OCA values in %. 
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The proposed CAC system for classification of focal liver classes using GA-kNN is shown in        

Fig 5.8.  

 

 

Fig 5.8 SVM based CAC system for classification of focal  liver lesions (with feature selection) 

 

5.4 Concluding Remarks 

In the present work, to classify the instances of the testing data set of focal liver classes into 

one of the four classes namely1Cyst, HEM, HCC and MET. The SVM classifier is used to 

classify the focal liver diseases. The reduced combined ratio feature vector (CRFV2) yielding 

the best overall maximum classification accuracy value of 78.37 % and  ICA values of        

100.0 %, 44.0 %, 100.0 % and 80.0 % for 1Cyst, 1HEM, HCC and MET classes. 
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Table 5.16  Classification performance of experiment 1, 2 and 3. 

CAC System Designs FV (l) Classes OCA ICA 

Experiment 1 CFV1 (17) 

 

Cyst 

HEM 

HCC 

MET 

 

55.8 

83.3 

14.2 

42.8 

80.0 

Experiment 2 RFV1 (17) 
Cyst 

HEM 

HCC 

MET 

 

74.4 

83.3 

85.7 

50.0 

93.3 

Experiment 3 Reduced RFV1 (5) 
Cyst 

HEM 

HCC 

MET 

 

78.3 

100 

44.0 

100 

80.0 

Note: OCA: Overall classification accuracy (%), ICA: Individual class accuracy (%), CFV: Combined feature 

vector, RFV: Ratio feature vector, Reduced RFV: Reduced ratio feature vector. 

 

Efficiency contribution of different proposed CAC system design is given in the next chapter. 

The present work future scope is also discussed. 
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Chapter 6 

Conclusion and Future Scope 

 

This dissertation presents the classification of diffused and focal liver using texture analysis. 

The fatty liver ROIs 221 in number, are classified into mild, moderate and severe fatty liver. 

Further, 168 focal liver ROIs are classified into Cyst, HEM, HCC and MET. In total, 17 

features are extracted for texture analysis. The type of classifier which has been used for both 

studies is SVM. The conclusions of the work are listed below. 

6.1 Module 1: SVM based CAC system for Grading of Fatty Liver Disease (without feature 

selection)  

The extensive experimentation carried out in the present work. Indicated that the ratio feature 

vector (RFV1) computed using GLCM mean statistics derived from LROI and DROI for fatty 

liver problems, the best overall accuracy produces in fatty liver problem is 64.4  % and 

individual classification accuracy of 66.6 %, 53.1 % and 73.2 % of mild, moderate and severe  

classes. The developed CAC system for grading of fatty liver disease using SVM classifier is 

shown in Fig 6.1. 

The results obtained from GLCM-M and GLCM-R features for grading of fatty liver disease 

and classification of focal liver lesions are used to develop a proposed CAC system.  

 

 

Fig 6.1 Generalized Proposed CAC system for grading of fatty liver disease using the SVM classifier (with feature 

selection)   

6.2 Module 2: SVM based CAC system for grading of fatty liver disease (with feature 

selection)  

The extensive experimentation carried out in the present work, indicate that the RFV1 

computed using GLCM mean statistics derived from the liver region of interest (LROI) and 

diaphragm region of interest (DROI) for fatty liver problems, after applying optimization 
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technique overall classification accuracy increased to 66.6 % and ICA values of 68.8 %, 60.0 % 

and 73.2 % for mild, moderate and severe classes respectively. The CAC system developed for 

grading of fatty liver disease using SVM classifier is shown in Fig 6.2. 

 

Fig 6.2: Generalized proposed CAC system for grading of  fatty liver disease using the SVM classifier (with 

feature selection) 

 

6.3 Module 3: SVM based CAC system for classification of focal liver lesions (without 

feature selection)  

The extensive experimentation carried out in the present work, indicates that the CRFV2 

computed using GLCM mean and GLCM range statistics derived from IROI and SROI from 

focal liver problem, the best overall accuracy produce in focal liver problem is 74.4  % and 

individual classification accuracy of 83.3 %, 85.7 %, 50 % and 93.3 % for1Cyst, HEM, HCC 

and MET classes is achieved using the SVM classifier. The CAC system developed for 

classification of focal liver lesions using SVM classifier is shown in Fig 6.3.  

 

Fig 6.3: Generalized Proposed CAC system for classification of focal liver lesions using the SVM classifier 

(without feature selection) 

 

6.4 Module 3: SVM based CAC system for classification of focal liver lesions (with feature 

selection)  

The extensive experimentation carried out in the present work, indicate that the combined ratio 

feature vector (CRFV2) computed using GLCM mean and GLCM range statistics derived from 

IROI and SROI for focal liver lesions, after applying optimization technique accuracy 

increased to 78.37 % and  ICA values of 100.0 %, 44.0 %, 100.0 % and 80.0 % for 1Cyst, 
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HEM, HCC and MET classes respectively. The CAC system developed for classification of 

focal liver lesions using SVM classifier is shown in   Fig 6.4. 

 

Fig 6.4: Generalized proposed CAC system for classification of focal liver lesions using the SVM classifier (with 

feature selection)  

It is observed from the above results that the four modules, i.e., module 1, module 2, module 3, 

and module 4 developed for grading of fatty liver disease and classification of focal liver 

lesions can be effectively used for prognosis. This is further concluded that the data mining 

algorithm is much more reliable. 

A brief comparison of performance obtained by different implemented modules for grading of 

fatty liver disease and classification of focal liver lesions using B-Mode US images are 

depicted in Table 6.1.  

 

Table 6.1 Classification performance of different CAC systems 

CAC System Designs FVs (l) Classes OCA ICA 

Module 1: SVM based CAC system for 

grading of fatty liver disease (without 

feature selection). 

 

RFV1 (17) 

 

Mild 

Moderate 

Severe 

 

64.4 

66.6 

53.1 

73.2 

Module 2: GA-kNN based CAC system 

for grading of fatty liver disease (with 

feature selection). 

 

Reduced RFV1 (6) 

 

Mild 

Moderate 

Severe 

 

66.6 

68.8 

60.0 

73.2 

Module 3: SVM based CAC system for 

classification of focal liver lesions 

(without feature selection). 

 

CRFV2 (17) 

 

 

Cyst 

HEM 

HCC 

MET 

 

74.4 

83.3 

85.7 

50.0 

93.3 

Module 4: GA-kNN based CAC system 

for classification of focal liver lesions 

(with feature selection). 

 

 

Reduced CRFV2 (5) 

 

Cyst 

HEM 

HCC 

MET 

 

78.3 

100 

44.0 

100 

80.0 
Note: HEM: Hemangioma, HCC: Hepatocellular carcinoma, MET: Metastatic carcinoma, OCA: Overall 

classification accuracy (%), ICA: Individual classification accuracy (%) 

 

6.5 Limitations and Future Scope 

Even though it is demonstrated that texture analysis is a very adequate tool for classifying the 

diffused and focal liver disease into various classes, it does not discriminate completely. Also, a 
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limitation of the present work is that it has been carried out on a limited dataset. Following are 

the recommendations for future work: 

(i) In the present work, 42 digital B-mode renal US images recorded by Siemens ACUSON 

X300 ultrasound machine have been used. The efficacy of the proposed CAC system designs 

should also be tested on the images recorded by different US machines.  

(ii) Performance of some transform domain feature extraction methods (such as Fourier power 

spectrum, select transform, non-subsampled contourlet transform etc.) for grading of fatty liver 

disease and classification of focal liver lesions should be investigated. 
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