
 

 

  

Abstract—Fractal analyses, Euler number and RF5 texture 
parameter have been successfully applied in the analysis of many 

types of ultrasound images. All features have been extracted from 

binary images. We focused our study on liver ultrasonic (US) images. 

The US experimental images were divided in two groups: healthy 

liver US images and steatosis US liver images. The goals of this 

study are both to develop an automatic system in order to investigate 

the correlation between certain features and the optimum threshold 

and to take into account an automatic decision support of the studied 

pathologies using the correlation results. The tool for this analysis is 

an Automatic Correlation System (ACS) that allows us to investigate 

the correlation between the optimum threshold (OT), fractal 

dimension (FD), Euler number (EN) and RF5 parameter. Finally, 

based on correlation results, the ACS software tool is extended in a 

Computer Automatic Diagnosis System (CADi), in order to provide a 

reliable discriminator tool of the liver steatosis as support for medical 

diagnosis. The features have been extracted from different regions of 

interest (ROIs) cropped in both classes of liver original images 

(healthy and fatty). In order to obtain OT, each selected ROI was 

transformed from a gray level image into a binary image using the 

Otsu method. The ACS proposed system uses the Box Counting 

Method (BCM), the Euler algorithm based on concavity and 

convexity and the algorithm which allows the obtaining of the iso-

segments matrix. The Pearson coefficient is used to correlate the 

calculated FD, EN and RF5 data for each characteristic OT for both 

liver classes. The CADi software was developed using the artificial 

neural networks. Finally we investigated the CADi efficiency. 
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I. INTRODUCTION 

Medical European studies have shown that a percent 

varying between 20% -30% of the population from developed 

countries is suffering from fatty liver disease, also known as 

steatosis [1]. This disease represents all the accumulated 

triglycerides in the liver tissue and in severe cases the fat 

proportion is more than 40% of the liver’s weight. Normally, 

the fat proportion is 3%. 

The fatty liver or steatosis liver appears in obese people 

and it is produced by an abnormal lipid within liver. At present 

physicians diagnose patients with fatty liver based on visual 

observation of ultrasound images. Increased parenchymal 

echogenicity is a criterion for diagnosing fatty liver. The visual 

features of a fatty liver noticed by human eye from ultrasound 

images are: bright pattern, vascular blurring and deep 

attenuation. If the liver image is much brighter it is fatty. 

Texture-based method is an essential visual property in tissue 

characterization and in pathological structures recognition. 

As a result of the desire to find a gold standard method to 

diagnose this disease, the research studies described in [2] 

have presented various methods to classify the prevalence of 

fatty liver disease. The approach and results are different 

depending on the utilized methods. For magnetic resonance 

imaging the score is between 31 to 34% [3], for liver biopsy is 

from 15 to 39% [4], and for ultrasonography is from 16 to 

29% [5]. The diffuse liver disease and the liver cancer were 

investigated based on an exploring of the texture parameters 

[6]. 

In the last years many algorithms that quantify the textural 

properties of the liver ultrasound image have been developed. 

We mention the co-occurrence matrices [7], [8], Gabor filters 

[9] and recently, Lee et al. developed an unsupervised 

segmentation algorithm for liver ultrasonic images based on 

the multi-resolution fractal feature vector [10], [11].  

Our start idea was that the performance and utility of the 

analysis would be improved by using a combination of textural 

parameters. We proved through study that this statement is 

especially true when there are combined features which 

described different aspects of texture: the self-similarity of the 

biological objects, topological of the image content and the 

gray level value in a certain direction. 

In this respect, we have developed the ACS in order to 

determine the correlation between certain features extracted 

from US images. The features EN, FD and RF5 were extracted 
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from US liver image and this topic is presented in detail in the 

next sections. These texture analysis techniques are based on 

space domain. The ACS gives the possibility to verify whether 

various features are compatible and also their correlation. The 

database of the ACS can be updated anytime. The current 

database comprises 50 ROIs cropped from two liver classes 

(healthy and fatty) represented in US images. Each ROI was 

used to extract the FD and EN features. Then these features 

were correlated using the Pearson’s correlation coefficient. 

The correlation stage is a very important step because it allows 

analyzing the correlations between features. Using Pearson’s 

coefficient values, we can decide whether the threshold level 

influences FD, EN, and RF5. 

In carrying out the correlation features, the main step 

represents the choice of the best thresholding method. The 

method implemented in ACS was Otsu's method, which 

chooses the optimal threshold to minimize the intra-classes 

variance of the black and white pixels. Then, the correlations 

results, the decision parameter RF5 feature and the artificial 

neural networks were used to develop the CADi system able to 

automatically recognize the steatosis liver texture as 

characteristic of the image.  

In the US steatosis liver automatic investigation domain our 

contribution was the study regarding the correlation of the 

binarization threshold with the image features and a new CADi 

approach has been developed for steatosis liver disease 

detection. 

The paper is organized as follows: section 1 is an 

introduction in our study, in section 2 we presented the 

theoretical methods used, section 3 describes the experimental 

methods, section 4 provides the results and discussions. 

Finally, the concluding remarks are presented. 

II. UNDERLYING THEORY  

A. Fractal Dimension 

The fractal concept was proposed by Mandelbort [12], but 

this notion was defined by Lauwerier [13].  In a review about 

applying fractals in medical image analysis, Lopes and 

Betrouni [14] mentioned that the fractal geometry in medical 

image analysis used the self-similarity of the biological 

objects. They carried out a review about the fractal and multi-

fractal analysis of medical signal, where the Hausdorff–

Besicovitch dimension is defined as the logarithmic ratio 

between the number of an object’s internal homotheties N and 

the reciprocal of the common ratio of the homothety r: 

 

                           
( )









=

r

N
Dh

1
ln

ln
                                        (1) 

 

FD is computed using the BCM method defined by Russel 

et al. [15] and it has the expression: 
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where N(r) is the number of the boxes needed to completely 

cover the binarization image. 

B. Euler Number 

L. Xiaozhu et al., in their paper [16], defined the Euler 

number as “one of the most important characteristics in 

topology”. In bi-dimensional digital images, the Euler number 

is locally computed. In order to compute the EN, a number of 

algorithms have been developed such as those presented in 

[17], where the algorithm is based on the graph theory, divide-

and-conquer paradigm in [18], and binarization [19] or on 

curvature (convexity and concavity) in [20].  

In our study we used the curvature algorithm. In 2D images, 

the Euler number (EN) is defined as the difference between the 

number of connected components C and the number of holes 

H.  

 

                                   HCEN −=                                (3) 

 

In the case of binary images contained in our database, the 

Euler number has been computed after the thresholding 

operation of the input gray value image had been performed. 

For this operation we used the optimal threshold value 

provided by the Otsu method [21]. The high level of noise has 

a decisive impact on EN, leading to large positive and negative 

values.  

C. Iso-segment matrix 

The iso-segment matrix (or run-length matrix) is proposed 

by M. Galloway [22] in order to realize the extraction of the 

texture features. The iso-segment matrix has been successfully 

applied in medical imaging investigation [23], [24]. In 

imaging, the iso-segment (or gray level run) is defined as a set 

of consecutive and collinear pixels which have the same gray 

level in a certain direction. The iso-segment length is equal to 

the number of iso-segment pixels. The number of rows of the 

iso-segment matrix is equal to the number of the gray levels 

for each analyzed ROI. In our study, the used matrix has two 

rows because the binarized images have two gray levels 

(white=1 and black=0). There are many texture descriptors 

corresponding to the iso-segment matrix such as: Niz (the 

number of iso-segments), RF1 (the proportion of short iso-

segments), RF2 (the proportion of long iso-segments), RF3 

(the gray-level heterogeneity), RF4 (the iso-segments length 

heterogeneity) and RF5 (the proportion of iso-segments). We 

investigated the correlation between OT and RF5 parameter 

because this parameter takes into accounts both the size and 

texture characteristics. The parameter RF5 is defined by the 

expression: 
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where Niso represents the number of the iso-segments and 

Nreg is the number of pixels into image. 

D. Thresholding 

The Otsu method is frequently used in various fields and its 

goal is to convert a grayscale image into a binary image for an 

optimal threshold OT. The method was proposed in [25] and 

the partition of the pixels into two classes is based on 

discriminatory analysis.  

In our study, we apply the Otsu threshold algorithm for each 

cropped ROI belonging to the two liver classes in order to 

determinate the OT [21]. The threshold values are between 0 

and 1. The binarization techniques consist in the 

transformation of the grayscale images in atonal images. All 

pixels with intensity less than a certain threshold are set to 0 

(color black) and the rest of the pixels are set to 1 (color 

white). 

E. Statistical Analysis 

For many types of correlation, the Pearson’s correlation 

coefficient (PCC), relation (5), is the most widely used 

instrument [26], [27]. In the relation (5), N represent the 

number of the experiments and xi, yi the experimental values.  
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The values of PCC coefficient are between -1 and +1. A 

PCC value equal to 0 indicates a complete lack of correlation 

between the variables. A PCC negative value indicates a 

negative correlation and when PCC has a positive value then 

there is a positive correlation between the variables.  In the 

statistical theory, if the PCC value is in 0 and 0.2 interval, the 

correlation is very weak; for 0.2 and 0.4 interval, there is a 

weak correlation; for range 0.4 to 0.6 it is a medium or good 

correlation; for range 0.6 and 0.8 it is a high correlation 

between measured parameters and, finally, if the PCC value is 

between 0.8 and 1, there is a very high correlation. 

In our correlation study, the dimensions (OT/FD), (OT/EN) 

and (OT/RF5) have been used. The PCC value of -1.00 

indicates a perfect negative correlation and the +1.00 indicates 

a perfect positive correlation [28]. 

F. CADi System 

The Computer Aided Diagnosis System (CADi) was 

developed in order to accurately accomplish the discriminatory 

task of different liver status. The overall performance of the 

radiologists' diagnostic towards accurate detection and precise 

characterization of potential abnormalities in US images is 

influenced by the radiologists' perception, experience, even 

their fatigue and also, the quality of the acquisition image [29].  

In the specialized literature, many CADi systems were 

developed in order to investigate the diseases by analyzing the 

US images [30]-[32]. 

In order to eliminate the human diagnostic deficiencies the 

automatic diagnosis systems are widely used. The proposed 

CADi software is a learning machine that is previously trained 

using two correct data sets. The classification software tool is 

based on the artificial neural networks principle. The 

automatic classification and recognition efficiency of the 

CADi software was investigated by using the sensitivity and 

the specificity rates (see the relations (4) and (5)) [33], [34] 

and the correct classification rate (CCR) (relation 6) [35]. The 

sensitivity and the specificity rates handle with True-Positive 

TP (presence of malignancy correctly diagnosed), False-

Positive FP (healthy liver was incorrectly diagnosed as 

steatosis liver), True-Negative TN (absence of malignancy 

correctly diagnosed) and False-Negative FN (steatosis liver 

was incorrectly diagnosed as healthy). CCI is the number of 

the correct classified images and TI is the total number of the 

experimental images. 
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III. EXPERIMENTAL METHODS 

In this study, the hardware experimental environment was 

Intel (R) Core (TM) 2 Duo CPU T 5900, 2.20 with 3G RAM, 

and the Toolbox Processing Image from the language of 

technical computing MATLAB R2009a and statistical 

application SPSS version 17.0 were used. The procedural 

flowchart of the ACS- CADi is displayed in Fig. 1 and the 

graphic user interface GUI is presented in Fig. 2. 

This diagram is easy to use and the blocks are grouped as 

following: the block  “Acquisition” presents the acquisition of 

the liver ultrasound (US) images; the  block “load liver” 

presents the input of liver US images in the ACS-CADi; the 

block “Cropping US” contains the interactive functions of the 

cropped ROIs from original US image; the block “Extracting 

cropping” is a function that allows to delimitate the ROIs; the 

block “Computing optimum threshold” contains the Otsu 

algorithm to compute the OT; the block “Transforming in 

binary image” contains the function which transforms a gray 

level image into a binary image in accordance with OT; the 

block “FD” implements the BCM to compute the fractal 

dimension; the block “EN” implements the concavity and 

convexity algorithms to compute EN; the block “RF5” gets the 

iso-segment matrix to compute the RF5 parameter; the blocks 

“Correlation features” uses Pearson’s coefficient to correlate 

the OT/FD, OT/EN and OT/RF5; and finally the Diagnosis 

block discerns and recognizes the healthy or the steatosis 

pathology. 
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Fig.1 The proposed diagnostic flowchart of ACS-CADi 

 

 

 
Fig. 2 Graphic User Interface of the ACS-CADi system software 

 

The clinical study involves 20 patients, divided into two 

equal groups: 10 of them presented a healthy liver and 10 of 

them are diagnosed with steatosis. Median age is 60 years for 

the class of fatty liver and 56 years for the class of healthy 

liver. The experimental US images (Figs. 3 (a), (b)) are 

acquired using the scanning systems SLE-401 and the 

curvilinear probe with transducer variable frequency of 3–6 

MHz. The liver US images used in this research were captured 

from the same machine and were digitized in the format matrix 

512 x 524 pixels and of 256 grey-level resolutions. 

 

  
Fig. 3 (a) US healthy liver Fig. 3 (b) US steatosis liver 

Using this system, a number of 25 squares ROIs, with 85 

pixel side, of each liver class was cropped. Each ROI provided 

the OT, FD, EN and RF5 features (see Table I). The 

correlation values (see Table II) were calculated using the 

SPSS statistical program, and scatter plots (see Figs. 7) were 

generated using the same software. 

In order to develop the CADi system, the RF5 texture 

feature has been chosen as decision parameter. The CADi 

software used artificial neural networks techniques. The ANN 

is employed to classify pattern based on learning from 

examples and it is trained using 6 ROIs cropped from the 

analyzed US image (Fig. 4). The used ROIs are squares with 

85 pixels side and can be manually positioned in the US image 

area. It is important that the ROIs do not overlap on the portal 

or suprahepatic vein. The incorrectly positioned ROIs can lead 

to wrong decisions. 

 

 
Fig. 4 The six ROIs used in diagnosis process 

 

Since we handled a large number of the computed features, 

we encountered difficulties in validating their discriminative 

power, so we looked for a feature selection procedure. Our 

previous work shows that the value of the binarization 

threshold affects the accuracy of the RF5 value. For threshold 

values lower than 0.1, each and every ROI are members of the 

healthy class and none of them can be found in the steatosis 

class. For threshold values higher than 0.5, all ROIs belong to 

the steatosis class and zero ROIs are from healthy class. 

Therefore, if the investigated ROI have the binarization 

threshold less than 0.1, the associate classification is 

NEGATIVE, if the value of the binarization threshold is more 
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than 0.5, the associate classification is POSITIVE. For the 

intermediated threshold values, we considered four intervals 

associated to threshold values ranges 0.1 to 0.2, 0.2 to 0.3, 0.3 

to 0.4, 0.4 to 0.5. The ROIs were investigated taking into 

account the threshold value and the associate threshold range.  

Also, for each defined range the neural network was trained. 

The four neural networks (ANN1, ANN2, ANN3 and ANN4) 

are feed-forward network single layer perceptron. The features 

vector is done through the RF5 value (see Table 3). A training 

images set for healthy class and a training images set for 

steatosis class were identified for each neural network. Figure 

5 (a) presents an example of ROI cropped from healthy liver 

image which was binarizated at a threshold less than 0.1. 

Figure 5 (b) presents a ROI cropped form a steatosis liver 

image but it was binarizated at a threshold higher than 0.5. In 

the figures 6 (a)-(h), some examples of images used in training 

process are presented for four neural networks. 

 

  
a b 

Figs. 5 (a) Binarizated ROI of healthy liver at a threshold <0.1; 

(b) Binarizated ROI of steatosis at a threshold > 0.5. 

 

 

  
a b 

  
c d 

  
e f 

  
g h 

Figs. 6 (a) Training healthy image data sets for ANN1; (b) Training 

steatosis image data sets for ANN1; (c) Training healthy image data 

sets for ANN2; (d) Training steatosis image data sets for ANN2; (e) 

Training healthy image data sets for ANN3; (f) Training steatosis 

image data sets for ANN3; (g) Training healthy image data sets for 

ANN4; (h) Training steatosis image data sets for ANN4.  

IV. RESULTS AND DISCUSSIONS 

Table I presents some examples of the texture feature values 

calculated for 5 ROIs from healthy liver class and for 5 ROIs 

from steatosis liver class. 

  

Table I Examples of the texture features values  

Healthy liver Steatosis liver No. 

 OT FD EN RF5 OT FD EN RF5 

1 0.37 1.57 76 0.122 0.27 1.59 16 0.080 

2 0.22 1.65 17 0.130 0.50 1.68 -17 0.130 

3 0.26 1.63 26 0.122 0.20 1.57 10 0.081 

4 033 1.60 37 0.118 0.31 1.59 32 0.085 

5 0.15 1.65 20 0.106 0.12 1.69 2 0.139 

 

The calculated Pearson correlation values are presented in 

Table II. 

 

Table II. Pearson’s coefficient for each correlation type 

 Correlation type PCC 

OT/FD 0.605 

OT/EN -0.133 

Healthy  liver 

class 

OT/RF5 -0.460 

OT/FD 0.656 

OT/EN -0.104 

 

Fatty liver class 

OT/RF5 0.510 

 

According to the scatter plots displayed in figures 7a and 

7b, a linear correlation is observed. The same tendency is 

observed for the scatter plot shown in figure 7e. In the graphs 

7a and 7b both the (OT /FD) dimensions increase. The scatter 

plots displayed in figures 7c and 7d are rather uncorrelated. 
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c 

 
d 

 
e 
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Fig. 7 Scatter plots showing the correlation between: (a) OT/ FD for fatty 

liver class; (b) OT/ FD for healthy liver class; (c) OT/ EN for fatty liver class; 

(d) OT/ EN for healthy liver class; (e) OT/ RF5 for fatty liver class; (f) OT/ 

RF5 for healthy 

 

For the healthy liver class, the calculated OT/FD correlation 

has the value of PCC=0.605. The qualitative description is 

“moderate positive”, namely a positive association between the 

variables. The OT/EN correlation for the same class provides 

PCC = -0.133. The qualitative description is “little or no 

association”. The OT/RF5 correlation for the same class 

provides PCC = -0.460. The qualitative description is 

“moderate negative”.  

For the fatty liver class, the OT/FD correlation provides a 

PCC = 0.656 and the qualitative description is “moderate 

positive”. The correlation OT/EN for the same class provides 

PCC = -0.104; the qualitative description is “little or no 

association”. The correlation OT/RF5 for the same class 

provides PCC = 0.510; the qualitative description is “moderate 

positive”. 

In case of healthy liver class, 36.6% of the variation of the 

FD feature and 21.1% of the variation of the RF5 feature can 

be explained by using the variation of the OT features. But 

only 5.2% of the variation of the EN feature can be explained 

using the same variation of OT, so the EN cannot be a really 

correlated feature. For the fatty liver class the features are 

better correlated, namely 43% of the FD variation and 26 % of 

the RF5 variation can be explained through the variation of OT 

feature. On the other hand, the EN feature is clearly 

uncorrelated to the OT (PCC is approximately 1%). The lower 

and higher values of EN are associated with both higher and 

lower optimal threshold OT values. 

There is a significant positive correlation between FD and 

OT for both healthy and fatty liver classes, significant positive 

correlation between RF5 and OT for fatty liver, significant 

negative correlation between RF5 and OT for healthy liver, but 

there is a little or no correlation between EN and OT for both 

classes. The OT/FD correlation for fatty liver is slightly higher 

than the OT/FD for healthy liver which reflected a statistical 

difference between the two classes. Fractal dimension and RF5 

texture parameter can be a useful tool to differentiate a fatty 

liver from a healthy liver, while the Euler number is 

overestimated. However, our goal was to combine the FD, 

RF5 and EN as parallel features to discriminate between liver 

diseases and to correlate these features with the OT values.               

This combination has a good sensitivity but a poor positive 

predictive value when the EN feature is used. Even if the FD 

seems to be more useful than RF5, in our opinion all features 

should be estimated whenever possible. 

In table III, there are presented some examples of the 

feature vectors values corresponding to the four considered 

threshold intervals and to the neural networks associated. 

 

Table III Examples of the feature vectors values 

corresponding to the four threshold intervals (neural 

networks associated) 

Interval 
Healthy class 

RF5 

Steatosis class 

RF5 

0.112 0.145 

0.105 0.133 0.1 to 0.2 

0.090 0.125 

0.130 0.069 

0.146 0.100 0.2 to 0.3 

0.164 0.069 

0.122 0.084 

0.132 0.100 0.3 to 0.4 

0.119 0.650 

0.107 0.124 

0.104 0.120 0.4 to 0.5 

0.111 0.123 

 

For an investigated US image by the instrumentality of 

CADi system, the final diagnostic is given by the predominant 

result provided by the six considered ROIs in image analysis. 
The final classification can be either NEGATIVE or 

POSITIVE. If the intermediary results are in equal proportion 

(three positive and three negative) the final decision is 

UNCERTAIN. 

For each US image, three attempts were made as the ROIs 

were positioned in various positions. Therefore, we obtained 

30 final results for each US set. 

In table IV we present the values of final classification rate 

of the experimental set: TN represents the number of healthy 

cases correctly diagnosed, TP gives the number of steatosis 

cases correctly diagnosed, FP is the number of the healthy 

cases with incorrect classification and FN represents the 

number of the steatosis cases incorrectly recognized and U is 
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the number of the uncertainty cases.  

In order to design an effective classification system, the 

main goal is to decrease the rate of misclassification. Here we 

are targeted on the false negative rate FN. A high FN rate 

could lead both to underestimate the severity of disease and to 

a wrong clinical approach if a CADi system is used by 

physicians. 

 

Table IV Diagnostic results and final classification rate  

Healthy class Steatosis class 

TN U FP TP U FN 

23 6 1 23 5 2 

 

Table V presents the efficiency of CADi software 

application CCR, the sensitivity and specificity of statistical 

parameters. In our statistical analysis we do not take into 

account the uncertainty values because they do not correctly fit 

the experimental image in a pathological class. 

 

Table V Performance of the CADi application 

CCR Sensitivity Specificity 

94 % 96 % 92 % 

 

Finally, we note that the efficiency of the CADi system is 

closely related to the proper choice of the ROIs that 

constituted the training sets. 

V. CONCLUSION 

The aim of this study was to compare various features for 

discriminate between normal and abnormal
 
livers. This paper 

introduces the problem of grouping patients according to their 

OT, FD, EN and RF5 parameters of liver ultrasound images. 

Based on the first results presented in this paper, the proposed 

method has provided efficient results for distinguishing and 

classifying between normal and steatosis liver.  

This study is a benchmark to estimate the correlations 

between four features using the Pearson’s correlation 

coefficient. An automatic correlation system has been 

developed in order to compute the OT, FD, EN and RF5 

features and the OT/FD, OT/EN and OT/RF5 correlations. 

After the analysis of these correlations, we can conclude 

whether the OT value influences the values of the other three 

features.    

The ACS is an original strategy, which leads to unbiased 

knowledge and can be used and/or adapted by choosing the 

correlated features in a CADi (Computer-Aided Diagnosis 

System). 

According to the results of this study, the OT predictor 

variable from which we transform the gray level image into a 

binary image correlates well with the FD and the RF5 

predicted variables; it has a weak correlation with RF5 

predicted variable and has a little or no correlation with EN 

predicted topological feature. 

The CADi software was developed using the RF5 feature as 

decision parameter and provided the NEGATIVE, POSITIVE 

or UNCERTAIN recognition status. The CADi software has a 

very good efficiency and can be used to assist the students or 

the novice physicians in the liver pathology investigation. 

This work could enhance the textural analysis approach and 

also highlights the features that should be considered 

challenging tasks in further liver assessments by using 

automated methods and confirms that the ACS can bring a 

considerable contribution in choosing the texture features 

useful for the analysis of US liver images.  

Since the fatty liver presents many types (such as mild, 

moderate and severe etc.), in the future we intend to extend the 

CADi study based on the neural networks techniques and the 

analysis of the white and black iso-segments proportion, 

following the idea that the fat proportion could be correlated to 

the RF5 feature).  
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