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Abstract: Ultrasonography is articulated to be the safest attitude in remedial imaging and is statement worn extensively. The 
unfocused residue focus on of our hesitation is to support the analeptic ultrasound chronicle images as common (healthy) and 
cystic description. For boundary line a far-out fa accent, pretended downplay vector put out (GVF) is computed as a 
resources of the inclination on the wane vectors of a gray Offset and binary edge map derived from the image. The set off 
images are input to the nearer and GVF amplify is initialized. The balloon deforms and once reveals the put up of the kidney. 
Nineteen Gray Level Co–Occurrence Nature (GLCM) face are extracted from segmented images. Advance k- existing 
neighbor (K-NN) classifier is old to grouping the images as normal and cystic kidney images. The GLCM extracted features 
are quite b substantially well in lot of kidney images as normal and cystic. The propositions in this evaluate in the final be 
almost old for arm and m of ultrasound kidney images. 
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I. INTRODUCTION 
 
In modern medicine, medical imaging has undergone 
major advancements. It plays an important role in 
diagnosing and preventing the complications of 
various body organs such as brain, heart, and kidney, 
liver and so on. The ability to achieve information 
about the human body has many useful clinical 
applications. The segmentation of anatomical 
structures from sonograms can help physicians to 
evaluate organ morphology and realize quantitative 
measurement. It is an important but difficult issue in 
medical image analysis. 
 
Numerous methods have been developed to segment 
anatomical structures and delineate object contours in 
various kinds of biomedical images, including MRI 
(Magnetic Resonance Imaging) , CT (Computerized 
Tomography), scintigram, biopsy, histopathological, 
X-ray, and ultrasound (US) images. Among all the 
image modalities Ultrasound imaging is widely used. 
Ultrasound imaging is one of the methods of 
obtaining images from inside the human body 
through the use of high frequency sound waves. The 
reflected sound wave echoes are recorded and 
displayed as a real time visual image. Ultrasound 
imaging is popular not only due to economic cost and 
noninvasive but also it is radiation free and portable. 
It also provides faster and more exact procedures due 
to its real time capabilities. 
 
The kidneys are retroperitoneal organs, attached to 
the posterior abdominal wall, covered with the 
membrane called peritoneum. These are protected by 
the lower ribs where the kidney can be found just 
below the liver on the right, and just below the spleen 

on the left. The two important functions of kidney are 
(a) Removing harmful substances from the blood, and 
(b) Keeping the useful components in proper balance. 
During the scanning session, if the kidney were 
scanned in longitudinal view, the kidney will appear 
as football-shaped, and in transverse view, the kidney 
will appear as C-shaped. Since some other organs lie 
close to the kidney which may give effect to the 
performance of other image processing methods, so 
segmentation of kidney is quite helpful. 
 
Segmentation is the fundamental problem in image 
processing. The main goal of image segmentation is 
to accurately extract targets from various objects. It is 
the process of separating a digital image in to 
different regions which have similar properties such 
as gray level, color, texture, brightness etc. so that the 
image can be more simplify, understandable and 
helpful to analyze. On the basis of pixel intensity we 
can differentiate the boundaries of different objects. 
 
Object contour definition from ultrasound images can 
be accomplished in a number of ways. Manual 
contour definition is a popular but time-consuming 
process and suffers from a very low degree of 
reproducibility. Some methods have proposed to use 
an image’s gray level information to identify the 
object borders. 
 
In, the authors have proposed kidney segmentation 
from ultrasound images using gradient vector force. 
In this paper a reliable semi-automatic segmentation 
scheme using a Gradient Vector Force. A new 
external force active contour largely solves the 
problems associated with traditional mode, 
initialization and poor convergence to concave 
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boundaries of the snakes, however, have limited their 
utility. In, the authors have proposed segmentation of 
kidney from ultrasound B-mode images with texture-
based classification. They introduced a novel image 
segmentation method based on a deformable model 
with pixel classification. Using texture image features 
and MAP estimation, each image pixel is classified as 
inside and outside boundary.  In, the authors have 
proposed segmentation of kidney from ultrasound 
images based on texture and Shape Priors. They 
employed a novel texture and shape priors based 
method for kidney segmentation in ultrasound (US) 
images. Texture features are extracted by applying a 
bank of Gabor filters on test images through a two-
sided convolution strategy. In, authors have proposed 
a general segmentation scheme for Contouring 
Kidney Region in Ultrasound Kidney Images using 
Improved Higher Order spline interpolation. In this 
paper a higher order spline interpolated contour 
obtained with up-sampling of homogenously 
distributed coordinates for segmentation of kidney 
region in different classes of ultrasound kidney 
images has been developed. In, the authors have 
proposed an automatic generation of region of 
interest for kidney ultrasound images using texture 
analysis. Kidney ultrasound imaging can be used to 
estimate kidney size and position, and help to 
diagnose structural abnormalities as well as the 
presence of cysts and stones. The authors have 
proposed an automatic generation of Region of 
Interest for Kidney Ultrasound Images Using Texture 
Analysis. In, the authors have proposed ultrasound 
kidney segmentation with a global prior shape. In this 
paper an active contour model to segment ultrasound 
kidney images by combining the region information 
with global shape prior. Authors have compared the 
proposed method with another method using 
Rayleigh distribution as ultrasound images statistics. 
The error between the segmented contours and the 
contours delineated by radiologists are calculated, 
which shows the efficiency of the proposed method. 
In, the authors have proposed feature extraction of 
kidney ultrasound images based on intensity 
histogram and gray Level co-occurrence matrix. In 
this paper, authors have successfully performed an 
image analysis for extracting features from four 
different groups of kidney US images namely normal 
(NR), bacterial infection (BI),cystic disease (CD) and 
kidney stones (KS). 
 
In this paper, a segmentation scheme using gradient 
vector force (GVF) is proposed and then we classify 
the kidney as normal kidney or cystic kidney by using 
K-NN classifier. 
 
II. MEHODOLOGY 
 
The kidney ultrasound imaging can be used to 
estimate kidney size and position, and help to 
diagnose structural abnormalities as well as the 

presence of cysts and stones. However due to the 
presence of speckle noise and other artifacts, 
segmentation is very challenging. In this paper, we 
have proposed the segmentation and classification of 
ultrasound images of kidney as normal or cystic. Here 
we use GVF method for segmentation and to classify 
the ultrasound kidney images KNN classifier is used. 
Fig.1 shows proposed method for the Classification 
of ultrasound images as a normal kidney and cystic 
kidney.  

 
Fig. 1 Block diagram of Methodology 

 
i. Medical Ultrasound Image of kidney: 
For this study, longitudinal and transverse views of 
ultrasound kidney images were acquired from 
ultrasound machine with 3.5MHz transducer, in BMP 
format. The kidneys are scanned in supine position 
where the subjects are lying down with the face 
upward and with inspiration of the subjects. Original 
ultrasound image of the kidney is considered as input.  
 
ii. Histogram Equalization: 
To enhance the contrast, the ultrasound images are 
given as input to Histogram Equalization. Hence it 
brightens the image appearance and gives better 

quality. 
 

iii. Segmentation: 
The histogram equalized image is given as input to 
segmentation. For segmentation a reliable-automatic 
segmentation scheme using gradient vector force is 
used. In this paper, we present a new external force 
for active contour models that address the problems 
of initialization and poor convergence. The external 
force, gradient vector force (GVF) fields are the 
dense vector fields derived from the images by 
minimizing an energy functional in a variational 
framework.  We call the active contour that uses GVF 
field as external force a GVF snake 
 
The steps involved in the process of segmentation are 
represented by Algorithm 1 
Algorithm 1. Segmentation 
Input: Medical ultrasound image of kidney. 
Output: Segmented region of kidney. 
Start 

U ltrasound Image of Kidney 

Histogram Equaliza tion  

Segmentation 

Generate ROI 

Classif ication of  kidney 

Feature Extraction 
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Step 1. Read the medical ultrasound image. 
Step 2. Perform the histogram Equalization on  
              original image. 
Step 3. Compute the Edge map. 
Step 4. Reduce the noise using Gaussian filter. 
Step 5. For deforming the balloon, initialize the  
             parameters. 
Step 6. After deformation, balloon will fit in  
             boundary of the object. 
Stop 
 

iv. Generate the ROI : 
Region of normal kidney and cystic kidney can be 
obtained by superimposing the segmented image on 
original ultrasound image. Further crop the 
superimposed image to remove the unwanted regions.  
 
v. Texture feature analysis: 
Next we extract the texture features from cropped 
superimposed image of kidney or cyst by using Gray 
Level Co-occurrence Matrix (GLCM) features. 
Texture features extracted in this study are Contrast, 
Entropy ,Energy, Autocorrelation, Homogeneity, 
Correlation , Maximum Probability, Dissimilarity, 
Sum Entropy,  Difference entropy, Sum Average,  
Cluster Prominence, Cluster Shade,   Sum of Squares 
variance, Sum Variance, Difference variance, 
Information measure of correlation, Inverse 
difference normalized and Inverse difference moment 
The steps involved in the process of Feature 
extraction are represented by Algorithm 2 
 
Algorithm 2: Texture feature Extraction. 
Input: Medical ultrasound image of kidney. 
Output: 19 texture features. 
Start 
Step 1. Read the ultrasound image of kidney and  
             segmented kidney image. 
Step 2. Superimpose the segmented image on the  
             original image. 
Step 3. Crop the superimposed image to get the  
             region of normal kidney and cystic kidney. 
Step 4. Find a gray-level co-occurrence matrix  
            (GLCM) for the image obtained in Step 3.  
Step 5. For each matrix calculate the 19 GLCM  
            texture features, separately using the Eqs (9)  
             to (24). 
Step 6. Generate the combined feature vector by  
             using feature sets in step 5. 
Stop 
 
vi. Classification     
During classification phase all glcm features are used 
as a knowledge base for testing phase. The classifier 
used here is K-NN (K-Nearest Neighbor) classifier. 
The K-nearest neighbor algorithm is a non parametric 
method used for classification. The input consists of 
the K-closest training examples in the feature space. 
In K-NN classification, the output is a class 
membership. An object is classified by a majority 

vote of its neighbors, with the object being assigned 
to the class most common among its K-Nearest 
Neighbors (k is positive integer, typically small) then 
the object is simply assigned to the class of that single 
nearest neighbor. The training phase of the algorithm 
consists only of storing the feature vectors and class 
of the training samples. 

 
2.1.  Gradient vector force (GVF) 

Snakes or active contours are used extensively in 
computer vision and image processing applications, 
particularly to locate object boundaries. Snakes or 
active contours are the curves defined within image 
domain that can move under the influence of internal 
forces within the curves and external forces derived 
from the image data. The internal and external forces 
are defined so that snake will conform to an object 
boundary or other defined features within an image. 
Advantages of the GVF over traditional snake are 
insensitivity to initialization and ability to move into 
concave boundaries. 
                          퐹  + 퐹  = 0                           (1) 
The external forces generated from the variational 
formulation must enter the force balance equation as 
a static irrotational field. To add additional flexibility 
to the snake model. It is possible to start from the 
force balance equation directly and replace 퐹  with 
another force  퐹 . 
                          퐹  + 퐹  = 0                                              (2) 
Here snake behaves like balloon which is blown up. 
When it passes by edges it is stopped, when the 
contour is strong and it passes away when the contour 
is weak. In the balloon models 퐹  is the sum of 
traditional potential forces, which act in a direction 
normal to the curve. This increases the capture range 
of an active contour, but also requires the balloon be 
initialized either shrinks or grows. 
Our overall approach is to define a new non-
irrotational external force field, which we call the 
gradient vector flow (GVF) field. Using a force 
balance condition as a starting point we then let the 
GVF field replace the potential force field in, 
defining a new snake, which we call the GVF snake. 
The GVF field points toward the object boundary 
when very near to the boundary, but varies smoothly 
over homogeneous image regions, extending to the 
image border. The main advantages of the GVF field 
are that it can capture a snake from a long range from 
either side of the object boundary and can force it into 
concave regions. 
We begin by defining an edge map f(x, y) derived 
from the image I(x, y) having the property that it is 
larger near the image edges. Accordingly, we can use. 
         f (x, y) = - 퐸 (푥, 푦)                                                    (3) 
Where i=1, 2, 3, or 4. The field ∇f has vectors 
pointing toward the edges, but it has a narrow capture 
range. 
Then we define Gradient vector flow field, the vector 
field v(x, y) = [u(x, y), v(x, y)] that minimizes the 
energy functional. 
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     휖 =  ∫∫ 휇 ( 푢  + 푢  +  푣  + 푣  ) +  |∇푓| |푣 −
                  ∇푓| 푑푥푑푦                                                                     (4) 
Using the calculus of variations, it can be shown that 
the GVF field can be found by solving the following 
Euler equations 
      휇훻 u – (u - 푓 ) (푓 +푓 ) = 0                                              (5) 
     휇훻 푣 – (v - 푓 ) (푓 +푓 ) = 0                                              (6) 
Where ∇  is the Laplacian operator. These equations 
provide further intuition behind the GVF formulation. 
In a homogeneous region [where I (x, y) is constant], 
the second term in each equation is zero because the 
gradient of f (x, y) is zero. Therefore, within such a 
region, u and v are each determined by Laplace’s 
equation, and the resulting GVF field is interpolated 
from the region’s boundary, reflecting a kind of 
competition among the boundary vectors. This 
explains why GVF yields vectors that point into 
boundary concavities. Euler equations and can be 
solved by treating u and v as functions of time and 
solving   
      푢 (푥,푦, 푡) = ∇ 푢(푥, 푦, 푡) −  푢(푥,푦, 푡) −  푓 (푥,푦) . 
             푓 (푥, 푦) + 푓 (푥, 푦)                                                         (7) 
 
   푣 (푥,푦, 푡) = ∇ 푣(푥, 푦, 푡) −  푣(푥,푦, 푡) −  푓 (푥,푦) . 
              (푓 (푥,푦) +  푓 (푥,푦) )                                                    (8) 
 
The steady solution of these linear parabolic 
equations is the desired solution of the Euler Eqs (5) 
and (6), which can be further solved as separate scalar 
partial differential equations in u and v. After 
computing v(x, y), replacing the potential force  -
∇퐸  in the dynamic snake equation as a GVF snake, 
solved in similar fashion as the traditional snake, (i.e. 
by discretization and iterative solution), gives us the 
desired result. In fig.2(a) the snake contour is 
initialized with object of interest within its boundary 
and the snake contour successfully converged 
completely over the object when GVF was applied 
(fig.2(b)). The proposed GVF method could 
successfully converge even when the snake 
initialization was done crossing over the object of 
interest as shown in fig. 3(a) and 3(b). 

 

 
(a)                                  (b) 

Fig. 2(a and b) A GVF snake can start far from the boundary 
and will converge to boundary concavities. 

 

 
                (a)                                  (b) 
Fig. 3(a and b) A GVF snake can even be initialized across the 
boundaries, a situation that often confounds traditional snakes 

and balloons. 

2.2.  GLCM texture features 
Texture features are the region descriptors for the 
classification of kidneys. In statistical texture 
analysis, texture features are computed from the 
statistical distribution of observed combinations of 
intensities at specified positions relative to teach 
other in the image. According to the number of 
intensity points (pixels) in each combination, 
statistics are classified into first-order, second-order 
and higher-order statistics. The Gray Level Co-
ocurrence Matrix (GLCM) method is a way of 
extracting second order statistical texture features. 
The approach has been used in a number of 
applications like textural feature for image 
classification, image segmentation, and classification 
of reservoir sandstorm. A GLCM is a matrix where 
the number of rows and columns is equal to the 
number of gray levels, G, in the image. The matrix 
element P (i, j|∆x, ∆y) is the relative frequency with 
which two pixels, separated by a pixel distance (∆x, 
∆y), occur within a given neighborhood, one with 
intensity i and the other with intensity j. One may 
also say that the matrix element P contains the second 
order statistical probability values for changes 
between gray levels i and j at a particular 
displacement distance d and at a particular angle Θ. 
 
Contrast measures the amount of local variations 
present in the image. A low contrast image presents 
GLCM concentration term around the principal 
diagonal and features low spatial frequencies. 
 
              Contrast =∑ |푖 − 푗|   푝(푖, 푗),                                        (9) 
 
Entropy is the statistic measures the disorder or 
complexity of an image. The entropy is large when 
the image is not texturally uniform and many GLCM 
elements have very small values. Complex textures 
tend to have high entropy. Entropy is strongly, but 
inversely correlated to energy.    
        
     Entropy = -∑ ∑ 푃(푖, 푗) × log (푃(푖, 푗))                      (10) 
 
Energy is the statistic which is also called Uniformity 
or Angular second moment. It measures the textural 
uniformity that is pixel pair repetitions. It detects 
disorders in textures. Energy reaches a maximum 
value equal to one. High energy values occur when 
the gray level distribution has a constant or periodic 
form. 
          Energy = ∑ 푝(푖, 푗),                                                   (11) 

 
Autocorrelation is used detect the repetitive patterns.  
Homogeneity is the statistic which is also called as 
Inverse Difference Moment. It measures image 
homogeneity as it assumes larger values for smaller 
gray tone differences in pair elements.    
 Homogeneity = ∑

( )  ,   p (i, j)                                        (12) 

Correlation is a measure of gray tone linear 
dependencies in the image. 
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 Correlation =  ∑ ∑ { × }× ( , )  {    × }

    ×  
                       (13) 

 
Maximum probability detects the most recurrent 
shapes or color in the image.  
  
           Maximum probability = Max (p(x,y))                        (14) 
 
Dissimilarity is a measure that defines the variation 
of grey level pairs in an image.    
  
   Dissimilarity = ∑ |푖 − 푗|푝(푖, 푗),                                          (15) 

 
The rest of the textural features are secondary and 
derived from those listed above. 
 
Sum Entropy 
     SENT = -∑ 푃 (푖)log (푃  (푖))                             (16) 
 
Difference Entropy 
      DENT = −∑ 푃 (i) log (푃 (i))                              (17) 
Sum Average 
           AVER = ∑ 푖푃 (i)                                               (18) 
Cluster Prominence  
      PROM = ∑ ∑ 푖 + 푗 − 휇 −  휇   ×   푃(푖, 푗)        (19) 
Cluster Shade 
    SHADE = ∑  ∑  {푖 + 푗 −  휇 −  휇 }  × 푃(푖, 푗)      (20) 
Sum of Squares, Variance 
    VARIANCE = ∑  ∑  (푖 − 휇)  푃(푖, 푗)                       (21) 
Sum Variance  
Sum Variance (SV) = ∑ (푖 − 퐴푉퐸푅)  푔 (푖)                 (22)                                             
      Where  푁   is the number of distinct gray levels in the image. 

g
ij 

= (i, j)
 th 

entry in GLCM, g
x+y

(k) = ∑ ∑ 푔(푖, 푗)      where i+j 
= k = 2, 3, …, 2 푁  
Difference Variance  
    Difference Variance = variance of g

x-y          
                        (23)

 

    Where g
x-y

(k) = ∑ ∑ 푔(푖, 푗)      where |i-j| = k = 2, 3, …,  
          푁 -1                            
Inverse Difference Moment Normalized  
        IDM = ∑ ∑

( )
푃(푖, 푗)                                 (24) 

 
III. EXPERIMENTAL RESULTS 
 
Experiment is carried out on ultrasound Medical 
images of kidneys. The proposed method is 
implemented on the Intel core i5 system with 3 GB 
RAM and 2.00 GHz using MATLAB 7.9 software.  
The dataset of US kidney images are prepared in 
consultation with medical experts namely Radiologist 
and Urologist for present the study of classification of 
kidney images. The ultrasound images are captured 
from ultrasound machine with 3.5MHz transducer. 
All the images are of varying in size and in BMP 
format. The experiment is done using 35 Normal 
(Healthy) kidney images and 10 cystic kidney 
images. In total, 45 kidney images.  Out of 45 images, 
30 images are for training phase and 15 images for 
testing phase. The Fig.2 (a) and Fig. 2(e) are shows 
the sample ultrasound images of normal kidney and 
cystic kidney. 
 

Initially ultrasound images of kidney are considered 
and to enhance the contrast, ultrasound images are 
histogram equalized. Histogram equalized image is 
given as input for segmentation. The Fig.2 (b) and 
Fig. 2(f) shows the histogram equalized images of 
normal and cystic kidney. 
In segmentation using GVF, we initialize the co-
ordinates for balloon. Then it deforms and the balloon 
will fit in to actual boundaries of the kidney or cyst.  
Fig. 2(c) and Fig. 2(g) shows the segmented images 
of normal kidney and cystic kidney respectively. 
Then segmented image is binarized and superimposed 
on the original image. For further processing, region 
of normal kidney and cyst is considered by removing 
the unwanted regions with the use of morphological 
operations. Fig. 2(d) and Fig. 2(h) shows the region 
of kidney and region of cyst. 
       
 Then texture Features are extracted from the 
generated region of kidney or cyst. The features such 
as Contrast, Entropy ,Energy, Autocorrelation, 
Homogeneity, Correlation , Maximum Probability, 
Dissimilarity, Sum Entropy,  Difference entropy, 
Sum Average,  Cluster Prominence, Cluster Shade,   
Sum of Squares variance, Sum Variance, Difference 
variance, Information measure of correlation, Inverse 
difference normalized and Inverse difference moment 
are computed and used for classification purpose.  
 
The Extracted features of segmented images are 
given as input to the K-NN classifier for the 
classification of normal or cystic kidney. The number 
of nearest neighbours used in the classifier is k=3, 
and distance metric ‘correlation’ is used. 

 

 
(a)                     (b) 

 
(c)                                 (d) 

 
(e)                                  (f) 

 
(g)                                  (h) 

Fig.2 (a),(e) original ultrasound image of normal kidney and 
cystic kidney, (b),(f) Histogram equilized images,(c),(g), 

segmeted image after applying GVF method, (d),(h) Super 
imposed images and unwanted regions are removed, Region 

of Kidney and cyst. 
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The average detection rate for the proposed method 
is 90% for Normal kidney and 80% for cystic 
kidney. Table 1 shows the experimental results for 
the classification accuracy of proposed method. 
 
Table1. Experimental results for classification 
accuracy of the proposed method . 

Kidne
y type 

No.of 
test 
image
s 

No.of 
correctl
y 
classifie
d 

Manual 
detectio
n by 
expert 

Type 1 
error(FA
R) 

Type 2 
error(FR
R) 

Norm
al 
kidne
y 

10 9 10 10% - 

Cystic 
kidne
y 

05 04 07 - 20% 

       
*Type 1 error - Kidney is normal kidney but 
recognised as cystic (10%). 
**Type 2 error -  Kidney is cystic kidney but 
recognised as normal(20%).             

                             
CONCLUSION 
 
Image Segmentation and Classification in ultrasound 
is very important in many medical applications, such 
as implementing a computer image analysis system 
for clinical usage. Due to low image quality in 
ultrasound images, the segmentation task is generally 
non-trivial.  
 
In this paper, a method for classification of normal 
kidney and cystic kidney is proposed. Ultrasound 
images of kidney and cyst are histogram equalized for 
enhancement of contrast. The snakes help to deform 
the initial contour towards the possible edge of the 
kidney in ultrasound images by using GVF active 
contour segmentation method.  Further extraction of 
features from segmented images is employed. Next 
the computed features are given as input to K-NN 
Classifier. Finally the classifier classifies the kidney 
ultrasound images as normal kidney and cystic 
kidney. 
 
The experiment has been done on 30 sample images 
for training phase and 15 images for testing. The 
classification of kidney from sonograms can help 
physicians to evaluate organ morphology and realize 

quantitative measurement. It is also expected to assist 
the physicians on clinical diagnosis and educational 
training. 
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