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Abstract— This paper proposes an automatic classification method based on region growing in Ultrasonography of focal liver lesions 

using image processing techniques. This method can yield spatial and temporal features in the arterial phase, portal phase, and post-
vascular phase, as well as max-hold images. Liver region segmentation is done by Region growing technique. This technique used for 
determining the liver lesion region directly. The lesions are classified as benign or malignant liver tumor using Ensemble Classifier 
with a combination of selected texture features. The selected features are important for classifying liver tumor, especially for the 
benign and malignant classifications. The experimental results are consistent with guidelines for diagnosing FLLs. This can be 
considered to be a validation study that confirms the importance of using features from these phases of the examination in a 
quantitative manner. Additionally, the experimental results indicate that for the benign and malignant classifications, the specificity 
without the post-vascular phase features is significantly lower than the specificity with the post-vascular phase features.  
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I. INTRODUCTION 
 

   We are operating towards victimizing the absolutely machine controlled segmentation of the spleen and liver as a 
volumetrical diagnostic tool. It has been observed that the 3D shape and size variation of liver and spleen can be essential image 
biomarkers of disorders [3]. The implementation of a completely machine controlled segmentation permits the medical 
specialist and other health professionals for an straightforward and convenient access to organ measurements, whereas avoiding 
long manual measurements or biased diagnosis based on 2D projection images [2]. We have a tendency to propose a technique 
to segment the liver/spleen freelance of morphological changes due to disease and/or normal anatomical variability. 
In clinical observe, the liver size is calculable  by height measurements at the mid-hepatic line;equally, the spleen height is 
measured this applies to cephalocaudal height. Liver height, for example, doesn’t totally characterize the morphology of the 
liver, like accounting for associate degree enlarged left lobe. Spleen measurements suffer out of similar shortcomings.or else, 
studies have asserted on the liver/spleen volume computed by multiplying the calculated slice space from manual segmentations 
by the slice thickness. [8]. 

Various types of automatic and interactive ways to segment the liver has been suggested. A technique based on 
statistical analysis and spatial property reduction from insufficient information models was presented in [5]. In [4] a shape-
guided deformable model was introduced using an evolutionary algorithm,however unacceptable segmentations were omitted 
within the analysis. Most recently, active contours using gradient vector flow were used to deal with both liver and hepatic 
tumor segmentation [12], while a hierarchical statistical atlas was utilized in [13]. These ways suffer from either serious manual 
format or present significant segmentation errors. 

In 2007, a liver segmentation competition from computerized tomography (CT) data was command [6]. Amongst the 
automated techniques, most notably a mixture of shape-constrained statistical deformable models supported a heuristic intensity 
model had the most effective performance amongst automated methods [10] with slight under-segmentation of the liver. Region 
growing was utilized in [16] with good results, however the technique was sensitive to liver abnormalities. A semantic 
formulation of information and context was presented in [15], however the segmentation overlap was only 84%. 

Despite the abundance of research on liver segmentation, there are few studies specializing in the spleen. However, the 
segmentation of abdominal multi-organs, as well as the liver and spleen, has been addressed, however  with limited accuracy. In 
[14] a priori probabilistic data were utilized in combination with measures of relationship and hierarchy between organs and 
manual landmarks. On a different note, multi-dimensional data from contrast-enhanced CT were employed in [9,11], applying 
variational Bayesian mixture and tissue homogeneity constraints. 
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II. RELATED WORKS FOR  DETECTION AND CLASSIFICATION OF LIVER TUMOR 

AND SPLEEN 
 

ZhoubingXu et al present a technique for automated localization and segmentation of the spleen within axial 
abdominal CT volumes using trained classification models, active contours, anatomical data, and adaptational options.  

RahimeCeylan et al designed a tool as well as three efficient algorithms for the purpose of image enhancement before 
abdominal organ & tumour segmentation. At first, the denoising method is realised by Block Matching and 3D Filtering 
(BM3D) algorithmic rule for elimination of Gaussian noise declared in arterial phase CT images. 

Isabelle Bloch et al propose a quick, automatic and versatile framework for the segmentation of multiple anatomical 
structures from 2D and 3D images. We  have a tendency to extend the work of [1] on implicit template deformation to multiple 
targets. Our variational formulation optimizes the non-rigid transformation of a collection of templates in line with image-
driven forces 

Hassan Masoumi et al proposed a new automatic algorithm for spleen area extraction in abdominal MRI images. The 
algorithmic rule is absolutely automatic and contains many stages. The pre-processing stage is applied for needed image 
improvement. propose an easy methodology that automatically transfers a prior anatomical information from a simple teaching 
atlas of a single 2D slice to the foremost similar slice within the 3D volume dataset. A. Kassim et al present a method based on 
the morphological 3D h-maxima transform to segment the kidneys in image volumes obtained by magnetic resonance imaging 
after injection of a contrast agent. Manual cropping techniques had been heavily relied upon to sever connections to different 
organs (arteries, liver, spleen, intestines, etc.)   

 

III. EXISTING SYSTEM 
  

The Otsu methodology may be a standard non-parametric methodology in medical image segmentation, due to the 
benefit of  implementation and also the relative quality. Otsu's methodology is employed to automatically perform histogram 
shape-based image thresholding. Its basic objective is to classify the pixels of a given image into two categories or bimodal 
histogram (e.g. foreground and background), then calculate the optimum threshold separating those two categories minimizes 
the intra-class variance (within category  variance), outlined as a weighted sum of variances of the two categories.   
 

 
The split-and-merge algorithmic rule is consists of two steps. First, the strategy subdivides the entire image into 

smaller regions following a dissimilarity criterion.  To divide the image, completely different strategies can be adopted such as a 
quad tree partition (where every region is subdivided into four equal regions) and a binary space partition (BSP) (where an 
optimal partition is selected to divide the region).[5] Second, the neighbour regions obtained from the splitting step are merged 
if they verify a similarity criterion.  These similarity and dissimilarity criteria can be based on an intensity range, gradient, 
contrast, region statistics, or texture. The combination of splitting and merging steps permits for the segmentation of arbitrary 
shapes,that don’t seem to be affected to vertical or horizontal lines, as happens if solely the splitting step is taken into account. 
Region splitting and merging subdivide an image initially into a set of arbitrary, disjoint regions and then merge and/or split the 
regions in an effort  to satisfy the required conditions. 

IV.  PROPOSED SYSTEM  
 
To propose a method for the automatic classification of FLLs based on machine learning and the use of CEUS with 

Sonazoid ⃝R. The proposed method extracts spatial and temporal features in three phases (arterial phase, portalphase, and post-
vascular phase) and max-hold images of focal liver lesions from Sonazoid ⃝R CEUS images. Region growing based segmentation 
is used to segment the liver region directly. The proposed method then uses Ensemble classifiers to classify the FLLs as HCC, 
liver metastasis, or benign tumors (hepatic heman giomaand FNH).  
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BLOCK DIAGRAM 

 

 

Fig Proposed block 
The proposed (fig 1) work is having the following functions: 
 Contrast adjustment 
 Region Growing based segmentation 
 Feature extraction  
 Ensemble classifier 
 
A. PRE-PROCESSING TECHNIQUES 

 
Liver ultrasound images are degraded during the process of imaging due to image transmission and image digitization 

by noise and existence of extra-cranial tissues.  
Pre-processing is a procedure to eliminate these noises and extra-cranial tissues from the liver ultrasound and alters the 
heterogeneous image into homogeneous image. Though there are lots of filters which have been used for filtering the images, 
some of them corrupt the miniature details of the image and some conventional filters will process the image incessantly 
(smoothing) and consequently harden the edges of the image. Hence, the proposed pre-processing steps namely De-noising and 
skull stripping provide better Image clarity. 
 
B. CONTRAST ADJUSTMENT 

 
Contrast adjustment remaps image intensity values to the complete display range of the information type. An image 

with sensible contrast has sharp variations between black and white. 
The first step is to calculate a contrast correction issue that is given by the subsequent formula: 

 
In order for the algorithmic rule to perform properly the value for the contrast correction issue(F)  
must be hold on as a floating point number and not as an integer. The value C within the formula denotes the required level of 
contrast. 
The next step is to perform the particular contrast adjustment itself. The following formula shows the adjustment in contrast 
being created to the red component of a colour: 

 
This series and just ensures that the new values of red, green and blue are within the valid range of 0 to 255.The value of 
contrast will be in the range of -255 to +255. Negative values can decrease the number of contrast and, conversely, positive 
values will increase the number of contrast. 
 
C.  REGION-BASED SEGMENTATION  

 
The main goal of segmentation is to partition an image into regions. Some segmentation strategies like "Thresholding" 

accomplish this goal by searching for the boundaries between regions supported  discontinuities in gray levels or color 
properties. Region-based segmentation may be a technique for decisive the region directly.  
Basic concept of seed points:  
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The first step in region growing is to select a set of seed points. Seed point selection relies on some user criterion (for 
example, pixels in a certain gray-level range, pixels evenly spaced on a grid, etc.). The initial region begins as the actual 
location of these seeds.  

The regions are then grown from these seed points to adjacent points depending on a region membership criterion. The 
criterion might be, for example, pixel intensity, gray level texture, or colour.  
Since the regions are grown on the basis of the criterion, the image information itself is important. For example, if the criterion 
were a pixel intensity threshold value, knowledge of the histogram of the image would be of use, as one could use it to 
determine a suitable threshold value for the region membership criterion.  
 
 
 

            

            Fig. 1  Liver CT image                                               Fig. 2  Initial Segmented liver image                                         Fig. 3  Segmented liver image 

 
 
 
Some important issues:  
Then we can conclude many necessary problem regarding region growing are:  
1. The acceptable choice of seed points is important.  
2. More information of the image is better.  
3. The value, “minimum area threshold”.  
4. The value, “Similarity threshold value”. 
 
Advantages of Region Growing:  
We concisely conclude the advantages of region growing.  
1. Region growing strategies will properly separate the regions that have the similar properties we define.  
2. Region growing strategies will offer the original images that have clear edges the good segmentation results.  
3. The concept is simple. We solely need a small numbers of seed point to represent the property we want, then grow the region.  
4. We will verify the seed point and the criteria we want to make.  
5. We will opt for the multiple criteria at the similar time.  
6. It performs well with respect to noise.   

V. CONCLUSION 
 
In this paper, we proposed an automatic classification method using machine learning techniques for focal liver 

lesions. The results indicated that combining the features from the liver ROI was important for classification methods based on 
machine learning US images. Our investigation of the operator dependence associated with ROI specification in our method 
showed that the intra-operator agreement was moderate and inter-operator agreement was fair to good. The liver region is 
segmented based on the Region growing segmentation technique. The segmented liver region is given into the feature 
measurement. The texture and spatial features are extracted from the liver region ad the test features are classified with the help 
of ensemble classifier.  
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