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ABSTRACT  

 Image segmentation plays a crucial role in many medical-imaging applications, 

by automating or facilitating the delineation of anatomical structures and other regions of 

interest. The liver image is segmented by using confusion algorithm. The performance is 

improved by the implementation of multiple MTANN. The MTANN supervised filter was 

effective for enhancement in medical images and is useful for improving the sensitivity and 

specificity. Multi-shape GC – OAAM segmentation methods have implemented on abdomen 

MRI and edge detection on liver image. It improves the object delineation time than the existing 

method. This approach for segmentation of medical images can help in the proper detection of 

the region of interest and also can be very helpful for doctor’s diagnoses, medical teaching, 

learning and research. The salient feature of the algorithm is that it can automatically choose an 

optimal shape prior from among multiple priors at each voxel by minimizing the proposed sub-

modular energy function. The minimization is per-formed in a sequential manner by the fusion 

move algorithm that uses the QPBO min-cut algorithm. Multi-shape GCs are proven to be more 

beneficial than single-shape GCs. Hence, the segmentation methods are validated by calculating 

statistical measures. The false positive (FP) is reduced and sensitivity and specificity improved 

by multiple MTANN. The comparative performance analysis is done between GC-OAAM and 

MTANN outputs. The performance of the MTANN is directly applied to the false positives. The 

multi resolution decomposition/composition techniques with two down/up-sampling steps 

allowed MTANNs to support a 28.8-by-28.8 mm square region. 
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INTRODUCTION  

Medical images edge detection is an important work for object recognition of the human 

organs such as brain, heart or kidney etc. and it is an essential pre-processing step in medical 
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image segmentation. Medical images such as CT, MRI and X-Rays visualize the information of 

internal organs. It is a tough job to locate the internal organs as these pictures contains noise or 

rough structure of human body organs. Image processing and segmentation technique plays a 

vital role for detecting edges of internal body organs for medical science and now a day’s 

magnetic resonance imaging (MRI) images are very effective for the doctor’s diagnoses. MRI 

uses the property of Nuclear Magnetic Resonance (NMR) to image nuclei of atoms inside the 

body. GC–OAMM is the only method that simultaneously combines the rich statistical shape and 

appearance information in the AAM as well as the effective boundary-oriented delineation 

capability of LW and the globally optimal delineation capability of the GC method. The 

proposed method consists of two phases: training and segmentation. In the training phase, an 

AAM is constructed, and the LW boundary cost function and GC parameters are estimated. The 

segmentation phase consists of two main steps: recognition or initialization and delineation. The 

final segmented liver image is obtained with this GC-OAAM method.   

 In many cases, the tissues or organ of interest is difficult to be separated from its 

surroundings, when they share similar intensity levels. With the other tissues, and their 

boundaries lack strong edge information. There is a need for an alternative approach which has a 

high accuracy of curve delineation. For medical diagnosis, MRI and CT images are of main 

concern, both images give special sophisticated characteristics of the organ to be imaged. 

Computed Tomography (CT) provides the best information on denser tissue like bones. 

Magnetic Resonance Image (MRI) provides better information on soft tissues. With more 

available multimodality medical images in clinical applications, the idea of combining images 

from different modalities become very important and medical image fusion has emerged as a 

new promising research field that help physicians in the diagnosis process. 

MATERIALS AND METHODS 

    In [1] a novel method based on a strategic combination of the active appearance model (AAM), 

live wire (LW), and graph cuts (GCs) for abdominal 3-D organ Segmentation is proposed. The 

proposed method consists of three main parts: model building, object recognition, and 

delineation. In the model building part, we construct the AAM and train the LW cost function 

and GC parameters. In the recognition part, a novel algorithm is proposed for improving the 

conventional AAM matching method, which effectively combines the AAM and LW methods, 

resulting in the oriented AAM (OAAM). A pseudo-3-D initialization strategy is employed and 

segmented the organs slice by slice via OAAM method. The object shape generated from the 

initialization step is integrated into the GC cost computation, and an iterative GC–OAAM 

method is used for object delineation. The proposed method was segmenting the liver, kidneys, 

and spleen in an abdomen.  

  In [5], the major contribution of the paper is the proposal of a novel segmentation 

algorithm that improves lung segmentation for cases in which the lung has a unique shape and 

pathologies such as pleural effusion by incorporating multiple shapes and prior information on 

neighbor structures in a graph cut framework. They demonstrated the efficacy of the pro-posed 

algorithm by comparing it to conventional one using a synthetic image and clinical thoracic CT 

volumes. Multi-shape Graph Cut improves lung segmentation for cases in which the lung has a 

unique shape and pathologies such as pleural effusion. This method is used to incorporate 

multiple shapes and gather prior information on neighbor structures in a graph cut framework. 

[3] Proposed an iterated graph cuts algorithm. There are two processing problems discussed in 

this paper. First, each pixel will be a node in the graph so that the computational cost will be very 
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high; second, the segmentation result may not be smooth, especially along the edges. These 

problems can be solved by introducing some low level image segmentation techniques, such as 

watershed and mean shift, to graph cuts. 

 

PROPOSED METHOD 

 

 

  

  

 

 

 

 

 

 

 

 

 

 

 

Fig 1:  Flow Chart of the Multi-Shape Graph Cut Method 

 

Fig 1 presents a flowchart of the liver segmentation system. The input to the system is a 

thoracic MRI volume and the first step is a noise reduction process based on median filtering 

(mask size: 333). Next, body mask segmentation is performed based on a thresholding (200 

[HU]) followed by morphological operations (opening, radius = 3.0 [mm]) and a hole filling 

process. Third process is a rough extraction of the liver using a thresholding (300[HU]). The two 

connected components with the largest volumes are defined and forwarded to the human specific 

shape estimation process as well as to the fine liver segmentation process where the components 

are used as object seeds in graph cuts. Here all these parameters, such as threshold values, filter 

sizes as well as parameters in the following process were decided experimentally using training 

data. The fourth process is body cavity extraction, which is used to place landmarks for the 

registration of the SSM of the liver and aorta, as well as neighbor constraint, 𝑁𝐵𝑏 , for fine liver 

segmentation. The registration process for the SSM of liver and aorta uses landmarks placed on 

the abdominal organ. 

 First, we obtain the top and bottom slices of a rough segmentation of the liver and find 

the four slices that are spatially uniformly distributed between the top and bottom slices. 
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Landmarks are then automatically placed on the six slices and on the topmost point in each slice. 

In order to register an SSM to an input image, we used the average position of the landmarks 

from the training data. The rough segmentation results might seem to be inaccurate. It is, 

however, accurate enough to place landmarks reliably. The most of the segmentation error of the 

rough segmentation came from false negatives must be enhanced. The next process is aorta 

segmentation, which provides neighbor prior information and uses a single-shape graph cut with 

the following energy function.  

 

𝐸 𝐴 =   . {𝑝∈𝑃 𝑅𝑎𝑜𝑟𝑡𝑎  𝑝   (𝐴𝑝  ) 𝐴𝑡𝑙𝑎𝑠 𝑝(𝐴𝑝  )}  +   {𝐵𝑝 ,𝑞{𝑝 ,𝑞}∈𝑛 +  𝑆𝑝 ,𝑞  } . 𝛿𝐴𝑝 ≠ 𝐴𝑞                      (1) 

 

Where 𝐹𝑝  represents a feature vector based on the intensity value at voxel p and 𝑅𝑎𝑜𝑟𝑡𝑎  𝑝   (𝐴𝑝  )  
is defined by posterior probabilities of aorta and other, both of which are computed from 

likelihood functions estimated by Parzen window estimator and uniform prior probabilities. 

𝐴𝑡𝑙𝑎𝑠 𝑝(𝐴𝑝  ) is a prior probability of the aorta computed from training data. A registered shape 

template of an aorta from training data is used as the shape prior of𝑆𝑝 ,𝑞  . The rough segmentation 

result is projected to the Eigen space spanned by the first two Eigen modes and the closest shape 

to the rough segmentation is selected from among 25 shapes in the Eigen shape space. In the 

multi-shape graph cuts, the top five closest shapes in terms of JI are chosen. The 25 shapes are 

generated by discretizing the Eigen-shape space with 1𝜎 spacing from the projection point with a 

range of ±2𝜎. The final process is fine liver segmentation by the multi-shape graph cuts which is 

discussed in preceding section.  

Multi-shape graph cut method presents a graph cut-based segmentation algorithm that can solve 

the problem encountered when multiple shape priors are combined. Unlike conventional graph 

cut algorithms, which deal with binary label problems, now consider multiple-shape priors, or 

multiple labels. Let a set, L, be a label set {0, 1, 2,..., n} in which each label corresponds to a 

prior shape. The goal is to develop an algorithm that will select an optimal shape prior at each 

voxel by minimizing the energy function, including the shape energy equation shown below. 

 

𝐸𝑠ℎ𝑎𝑝𝑒   =   𝑆𝑝,𝑞  {𝑝 ,𝑞}∈𝑛 . 𝛿                                                                                                    (2) 

 

𝑆𝑝 ,𝑞  = 𝑀𝐼𝑁   
1−cos  𝜃𝐴𝑝   

2
, 

1−cos  𝜃𝐴𝑞  

2
                                                                        (3) 

Where  𝜃𝐴𝑝  represents the angle between a vector connecting voxels p and q, and a gradient 

vector of a signed distance 𝜑𝐴𝑝(𝑝) from the boundary of a shape corresponding to a label. 

𝐴𝑝  ∈ 𝐿. Here, 𝛿 is a function that equals 0 when the neighboring voxels belong to the same class 

and 1 otherwise. 

Multi-shape GC algorithm proposes labels that differ by location so as to ensure the sub-

modularity of the shape energy of Eq. (3). Consequently, the fusion move algorithm is employed 

which iteratively solves a series of problems between a set of current labels and a set of proposed 

labels using the QPBO (Quadratic Pseudo-Boolean Optimization) min-cut algorithm. The 

performance of GC-OAAM method is improved based on multiple MTANN. The filter enhances 

objects similar to a model employed in the filter; e.g., a blob enhancement filter based on the 

Hessian matrix enhances sphere-like objects. The conventional filters often fail to enhance actual 

lesions such as lung nodules with ground-glass opacity and sessile/flat polyps. To address this 
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issue, we developed a supervised filter for enhancement of actual lesions by use of a massive-

training artificial neural network (MTANN) filter in a CAD scheme.  

RESULTS AND DISCUSSION 

The training images are shown below. In this section, the training images are processed 

with live wire method based on specified landmarks. The landmarks points are specified through 

“red star” in each images are shown in below.  There are 33 landmarks have been used in each 

training image for constructing Liver object segmentation. The live wire method as shown in Fig 

2 can detect the strong edges between the starting points to next point and so on. The input liver 

image is given one by one. Here, four training images are given. The strong edge is detected by 

the live wire method. It can find the best shape of the specified object of the each training 

images. The proposed method reduces the object delineation time than the existing approach of 

GC-OAAM. The delineation time is tabulated below. Command window shows the execution 

time of delineating the object from abdomen. This is shown in Fig 3 

 

Table1. Object Delineation Time for Existing Versus Proposed Method 

No. of Training 

Images 

Object Delineation Time (in seconds) 

 
 

Existing GC-OAAM 
 

Proposed Multi-shape GC-OAAM 
 

Image 1 
 

29.9889 
 

23.2290 
 

Image 2 
 

23.7577 
 

20.2353 
 

Image 3 
 

20.8098 
 

19.9736 
 

Image 4 
 

25.4178 
 

20.7276 
 

Image 5 
 

28.0520 
 

21.4568 
   

 

Fig 2: Shape Model Detection of Proposed Method for given Training Images. 
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Fig 3: Object Delineation Time of GC-OAAM Vs Multi-Shape GC-OAAM 

 

CONCLUSION  

 

 Multi-shape GC – OAAM segmentation methods have implemented on abdomen 

MRI and edge detection on liver image. It improves the object delineation time than the existing 

method. This approach for segmentation of medical images can help in the proper detection of 

the region of interest and also can be very helpful for doctor’s diagnoses, medical teaching, 

learning and research. The salient feature of the algorithm is that it can automatically choose an 



American Journal of Sustainable Cities and Society                                                           Issue 3, Vol. 1 January 2014 

Available online on http://www.rspublication.com/ajscs/ajsas.html                                                  ISSN 2319 – 7277 

R S. Publication (http://rspublication.com), rspublicationhouse@gmail.com Page 280 
 

optimal shape prior from among multiple priors at each voxel by minimizing the proposed sub-

modular energy function. The minimization is per-formed in a sequential manner by the fusion 

move algorithm that uses the QPBO min-cut algorithm. Multi-shape GCs are proven to be more 

beneficial than single-shape GCs. The segmentation methods are validated by calculating 

statistical measures. The false positive (FP) is reduced and sensitivity and specificity improved 

by multiple MTANN. The comparative performance analysis is done between GC-OAAM and 

MTANN outputs. The performance of the MTANN is directly applied to the false positives. The 

multi resolution decomposition/composition techniques with two down/up-sampling steps 

allowed MTANNs to support a 28.8-by-28.8 mm square region. 
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