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Abstract: Snake or active contours are impressively utilized in computer vision and medical image restorative 

picture preparing applications, and particularly to locate object boundaries, The active contour model used region-

based segmentation does the comparative capacity in light of the condition of being uniform of a coveted property 

inside a sub-area. The Lung field segmentation in chest radiographs (CXRs) is an essential preprocessing advance 

in accordingly recognize such pictures. We present a technique for lung field segmentation  that is based on a 

superb limit outline by a proficient current limit identifier, to be specific, a snake segmentation calculation , chan 

vese this model depends on the Mumford-Shah useful for segmentation, and is utilized broadly in the restorative 

imaging field, particularly for the division of the mind, heart and trachea the model depends on a vitality 

minimization issue, which can be reformulated in the level set definition, prompting a less demanding approach to 

take care of the issue. Snake method is evaluated using the public JSRT database of scanned films. The normal 

Jaccard index of our strategy is 95.4%, which can be compared to estimated those of other best in class strategies 

(95.7%). The calculation time of our technique is under 0.1 s for a 256 × 256 CXR when executed on a standard 

computer. Our technique is additionally approved on CXRs gained with various computerized radiography units. 

Keywords: boundary detection, lung field segmentation, snake segmentation, chest radiography 

 

I.  INTRODUCTION 

Segmentation: Image segmentation is a fundamental task in image analysis responsible for divided into parts an 

image into multiple sub-regions based on a their feature. Active contours are widely used as appealing picture 

segmentation techniques since they generally give sub-areas persistent limits, The use of level set theory has 

provided more the ability to be easily modified and convenience in the implementation of active contours. However 

conventional edge-based dynamic shape models have been relevant to just moderately basic pictures whose sub-

districts are uniform without inner edges. Active contour model, also called snakes, is a framework in computer 

vision for delineating an object outline from a possibly noisy 2D image. The snake’s model is many people chose in 

computer vision, snakes are significantly utilized as a part of utilizations like protest following, shape 

acknowledgment, division, edge location and stereo coordinating. edge detection and stereo matching. A snake is an 

energy minimizing, Snakes might be comprehended as an exceptional instance of the general procedure of 

coordinating a deformable model to an image by means of energy minimization.  

In computer vision, contour models describe the boundaries of shapes in an image. Snakes in particular are designed 

to solve problems where the approximate shape of the boundary is known. By being a deformable model, snakes can 

adjust to contrasts and clamor in stereo coordinating and movement following. Moreover, the strategy can discover 

in light of forms in the picture by overlooking missing limit data. Contrasted with traditional component extraction 

methods ,snakes have numerous points of interest, and their are two noteworthy methodologies in picture division: 

edge-and locale based. Edge based Segmentation . The initial model of active contour was proposed by  Kass et al. 

and named snakes suitable to the appearance of contour evolution . Taking care of the issue of snakes is to find the 

form C that limits the aggregate vitality term E with the specific arrangement of weights α , β , and λ . In numerical 

trials, an arrangement of snake focuses living on the picture plane are characterized in the principal stage, and after 
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that the following area of those snake focuses are controlled by the local minimum E. The associated form of those 

snake point  are considered as the contour.  

II.THE SNAKE MODEL 

The snake algorithm was first introduced by Kass .  snake is the vitality limiting spline guided by inside requirement 

powers and affected by outside picture powers that draw it toward highlights, for example, lines and edges. In the 

discrete detailing of a snake, the shape is spoken to as an arrangement of snake focuses 

 

                                                               𝑣𝑖=(𝑥𝑖,𝑦𝑖) 

 

 for i 0,...,M ,1 where and are the i x i y x and coordinates of a snake point, respectively and y M is the total number 

of snake points. The snake model is based on the definition of an energy function which is typically written as 

follows: 

                                              𝐸𝑠𝑎𝑛𝑘𝑒(v)= ∑ (𝐸𝑖𝑛𝑡
𝑚−1
𝑖=0 (𝑣𝑖)+𝐸𝑒𝑥𝑡(𝑣𝑖)) 

 The capacity contains two vitality segments. The principal part is known as the inside vitality and it concerns shape 

properties, for example, bend and brokenness. The second segment is the outside vitality which is regularly 

characterized by the angle of the picture at a snake point. 

III.CHAN-VESE ACTIVE CONTOUR MODEL 

The basic idea of the active contour method is to detect a target object by controlling a continuity contour overlaid 

on a given image. In the active contour method, a contour is deliberately placed to snap around the object and the 

“active contour” evolves until it encloses the target object by locking onto the edges. Delineation of the target object 

becomes more accurate as the active contour evolves to reduce its energy that accounts for the particular properties 

of the contour such as the smoothness, the length, and/or surrounding image pixels. When the energy gets 

minimized, the evolution stops, and the contour is expected to meet the edges of the target object as a result. The 

active contour methods are classified into two groups, classical (or parametric) and geometric active contour 

methods [5]. The classical active contour methods, often represented by Snake [6], have been extensively used for 

partitioning of closed coherent areas with boundaries that no other segmentation method could easily execute. 

However, they are not appropriate for detecting unclear edges typically resulting from noises and discontinuities in 

an image because of the intrinsic nature of their dependency on the edges of objects. In the classical active 

contouring, an initial contour should be manually drawn, if any better, semi-automatically, fairly close to the object 

to be detected; otherwise the resulting contours may end up with inaccurate loops. To the best of our knowledge, any 

of the classical active contour models have not been previously implemented for segmentation of lung fields in chest 

radiographs. The geometric active contour methods, which have been more recently introduced, have shown better 

performance on automatic partitioning of the objects with less clear boundaries that the classical active contour 

models did not work well with. In particular, enhanced and modified versions of the geometric active contours are 

capable of partitioning target objects based on the global region of an image and thus they can support topological 

changes during the evolution. The Chan-Vese active contour model, one of the most well-known geometric active 

contours, is based on the minimal partition problem of the Mumford–Shah segmentation functional with the level-

set framework. In the rest of this section, a brief introduction about the Chan-Vese active contour model will be 

described. 

IV. SEGMENTATION PROCESS 

The primary purpose of the segmentation in this study is to create a lung mask from an original chest radiograph. To 

obtain a clear lung mask, a few supplementary techniques that proceed and follow the Chan-Vese active contour 

model were essential. 
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Fig: 1 Flowchart of our proposed method for lung field segmentation 

First take CXR image and apply some preprocessing techniques to remove noise and smoothing the image. Next, 

perform edge detection using Snake segmentation model. Chan-Vese model for active contours is an intense and 

adaptable strategy which can fragment numerous kinds of pictures, including some that would be very hard to 

portion in methods for "established" division utilizing thresholding or slope based techniques. The model depends 

on a vitality minimization issue, which can be reformulated in the level set arrangement, inciting a less requesting 

way to deal with deal with the issue dull level farthest point assurance strategy for picture division presented here 

relies upon the most outrageous entropy rule Morphological activity, the estimation of each pixel in the yield picture 

relies upon an examination of the contrasting pixel in the information picture and its neighbors Dilation adds pixels 

to the furthest reaches of things in a photo, while breaking down empties pixels on dissent limits. The quantity of 

pixels included or expelled from the items in a picture relies upon the size and state of the organizing component 

used to process the picture 

Thresholding: The least complex technique for picture segmentation is known as the thresholding method. This 

method depends on a clasp level (or a limit esteem) to transform a dim scale picture into a twofold picture. There is 

also a balanced histogram thresholding. 

The key of this strategy is to choose the limit esteem (or qualities when numerous levels are chosen). A few famous 

techniques are utilized as a part of industry including the most extreme entropy strategy, Otsu's technique (greatest 

difference), and k-implies grouping. 

Recently, method have been created for thresholding processed tomography (CT) pictures. The key thought is that, 

not at all like Otsu's strategy, the edges are gotten from the radiographs rather than the (reproduced) picture.  

New techniques recommended the use of multi-dimensional fluffy govern based non-direct limits. In these works 

choice over every pixel's participation to a portion depends on multi-dimensional principles got from fluffy rationale 

and transformative calculations in view of picture lighting condition and application. 

Active Contour Model 

Active contour model, additionally called snakes, is a system in computer vision for portraying a protest plot from a 

potentially loud 2D picture. The snakes demonstrate is unmistakable in PC vision, and snakes are amazingly used as 

a piece of utilizations like protest following, shape recognition, segmentation, edge detection and stereo matching 

A snake is an energy minimizing, deformable spline affected by requirement and picture powers that draw it towards 

protest forms and inner powers that oppose twisting. Snakes might be comprehended as an extraordinary instance of 

the general procedure of coordinating a deformable model to a picture by methods for vitality minimization. [1] In 

two dimensions, the active shape model represents a discrete version of this approach, taking advantage of the point 

distribution model to restrict the shape range to an explicit domain learnt from a training set. 

Snakes – active deformable models Snakes don't take care of the whole issue of discovering shapes in pictures don't 

deal with the entire issue of finding frames in pictures, since the system requires data of the pined for frame shape as 

of now. Or  maybe, they rely upon different components, for example, collaboration with a client, association with 

some more elevated amount picture understanding procedure, or data from picture information adjoining in time or 

space. 

A simple elastic snake is defined by a set of n points 𝑣𝑖 where i = 0……n-1, internal elastic vitality term 𝐸𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 , 

and the outside edge-based vitality term is to control the contortions made to the snake, and. The inspiration driving 

the inward essentialness term is to control the mis shapenings made to the snake, and the explanation behind the 

https://en.wikipedia.org/wiki/Balanced_histogram_thresholding
https://en.wikipedia.org/wiki/Active_contour_model#cite_note-1
https://en.wikipedia.org/wiki/Active_shape_model
https://en.wikipedia.org/wiki/Point_distribution_model
https://en.wikipedia.org/wiki/Point_distribution_model
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external imperativeness term is to control the fitting of the frame onto the pictures The externa energy is normally a 

blend of the powers because of the picture itself  𝐸𝑖𝑚𝑎𝑔𝑒 and the imperative powers presented by the client 𝐸𝑐𝑜𝑚 

The energy function of the snake is the sum of its external energy and internal energy. 

 

𝐸𝑠𝑛𝑎𝑘𝑒
∗  =∫ 𝐸𝑠𝑛𝑎𝑘𝑒

1

0
(v(s)ds = ∫ (𝐸𝑖𝑛𝑡𝑒𝑟𝑛𝑎𝑙(𝑉(𝑠)) + 𝐸𝑖𝑚𝑎𝑔𝑒

1

0
(𝑉(𝑠)))𝑑𝑠 

Internal energy 

The internal energy of the snake is composed of the continuity of the contour 𝐸𝑐𝑜𝑛𝑡  and the smoothness of the 

contour 𝐸𝑐𝑢𝑟𝑣 . 

𝐸𝑖𝑛𝑡𝑒𝑟𝑛𝑎𝑙= 𝐸𝑐𝑜𝑢𝑡+𝐸𝑐𝑢𝑟𝑣  

This can be expanded as 

𝐸𝑖𝑛𝑡𝑒𝑟𝑛𝑎𝑙=
1

2
(∝ (𝑠)|𝑉𝑠 (𝑆)|2) +

1  

2
(𝛽(𝑠)|𝑉𝑠𝑠(𝑆)|2) = 

1

2
(𝛼(𝑆)||

𝑑𝑣̅

𝑑𝑠
(𝑠)) ||2 + 𝛽(𝑆)| | 

𝑑𝑣̅
2

𝑑𝑠2
(𝑆)| |2) 

 

Where ∝(s) and β(s) are user-defined  weights; these control the inner vitality capacity's affectability to the measure 

of stretch in the snake and the measure of ebb and flow in the snake, separately, and in this manner control the 

quantity of requirements on the state of the snake. 

In practice, large weight α(s) for the congruity term punishes changes in separations between focuses in the shape. 

An extensive weight β(s) for the smoothness term punishes motions in the shape and will make the form go about as 

a thin plate. 

Image energy 

Energy  in the  picture is some capacity of the highlights of the picture. This is a standout amongst the most widely 

recognized purposes of change in subsidiary strategies. Highlights in pictures and pictures themselves can be 

handled in numerous and different ways. 

For an image  I(x , y) lines, edges, and terminations present in the image, the general formulation of energy due to 

the image is 

                                 𝐸𝑖𝑚𝑎𝑔𝑒 = 𝑤𝑙𝑖𝑛𝑒𝐸𝑙𝑖𝑛𝑒 + 𝑤𝑒𝑑𝑔𝑒𝐸𝑒𝑑𝑔𝑒+𝑤𝑡𝑒𝑟𝑚𝐸𝑡𝑒𝑟𝑚 

Where  𝑤𝑙𝑖𝑛𝑒 ,𝑤𝑒𝑑𝑔𝑒  , 𝑤𝑡𝑒𝑟𝑚 are weights of these salient features. Higher weights demonstrate that the remarkable 

element will have a bigger commitment to the picture constrain 

 

Line functional 

 

The line functional is the intensity of the image, which can be represented as 

𝐸𝑙𝑖𝑛𝑒  = I(x , y) 

The sign of 𝑤𝑙𝑖𝑛𝑒  will determine whether the line will be attracted to either dark lines or light lines. 

Some smoothing or noise reduction may be used on the image, which then the line functional appears as 

                       𝐸𝑙𝑖𝑛𝑒 = filter(I(x , y)) 

Edge functional 
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The edge functional is based on the image gradient. One implementation of this is 

𝐸𝑒𝑑𝑔𝑒   = -|∇ I(x, y)|2 

A snake originating far from the desired object contour may erroneously converge to some local minimum. Scale 

space continuation can be used in order to avoid these local minima. This is achieved by using a blur filter on the 

image and reducing the amount of blur as the calculation progresses to refine the fit of the snake. The energy 

functional using scale space continuation is 

𝐸𝑒𝑑𝑔𝑒 =  −|𝐺𝜎*∇2𝐼|2 

Where  𝐺𝜎  is a Gaussian with standard deviation σ. Minima of this function fall on the zero-crossings 

𝐺𝜎     ∇
2  𝐼  of  which define edges as per Marr–Hildreth theory. 

Extracting the final lung boundary by using SNAKES 

SNAKES or Active contour model is curves characterized inside a image area that can move affected by interior 

powers originating from inside the bend itself and outer powers are characterized so the SNAKES will adjust to a 

question limit or other wanted highlights with in a picture. 

SNAKES  is generally utilized as a part of numerous application including edge identification, shape displaying, 

division, and movement following in medicinal imaging fields. 

There are two general types of active contour models available . One is parametric dynamic form demonstrate, and 

another is a geometric dynamic shape display. In this examination, we center around a parametric dynamic form 

demonstrate for separating the lung regions. 

 If a curve 

                 v(s)=[x(s), y(s)],  

s ∈ [0, 1],  

that moves through the spatial domain of an image to minimize the energy function, 

  

𝐽𝑆𝑁𝐴𝐾𝐸𝑆 [v(s)] = ∮( (𝐽𝐼𝑁𝑇 [v(s)] + 𝐽𝐼𝑀𝐺 [v(s)])ds) 

where 𝐽𝐼𝑁𝑇[v(s)] is internal energy having a curve, 𝐽𝐼𝑀𝐺 [v(s)] is external energy having an image. 𝐽𝐼𝑁𝑇 [v(s)] is 

constructed from the linear sum of the following three expressions. 

𝐸𝑠𝑝𝑙𝑖𝑛𝑒  = 
1

2
 (𝑤1||𝑣𝑠(s)||2+ ω2 ||𝑣𝑠𝑠(s)||2 ) 

𝐸𝑎𝑟𝑒𝑎 = 
𝑤3

2
{x(s)𝑦𝑠(s) − 𝑥𝑠(s)y(s)} 

𝐸𝑑𝑖𝑠𝑡  = 𝑤4{𝑑𝑎𝑣𝑒  − ||vs(s)||}2 

here 𝑤1, 𝑤2, 𝑤3, 𝑤4 are weighting parameters that control the SNAKES tension and rigidity, and 𝑣𝑠(s) and 𝑣𝑠𝑠(s) 

denote the first and second derivatives of v(s) with respect to s (likewise, 𝑥𝑠(s) and 𝑦𝑠(s)). Here, dave is an average 

of distance between contour points. On the other side, 𝐽𝐼𝑀𝐺[v(s)] follows two expressions: 

 

𝐸𝑒𝑑𝑔𝑒   = −𝑤5 ||∇I(x(s, z), y(s, z), z)||2 

 𝐸𝑡𝑒𝑟𝑚 = −𝑤6 │𝐼𝑦𝑦𝐼𝑥
2 − 2𝐼𝑥𝑦𝐼𝑥𝐼𝑦+ 𝐼𝑥𝑥𝐼𝑥

2 │ 

https://en.wikipedia.org/wiki/Zero_crossing
https://en.wikipedia.org/wiki/Marr%E2%80%93Hildreth_algorithm
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The external energy function 𝐽𝐼𝑀𝐺 [v(s)] is derived from the image so that it takes smaller values of the features of 

interest, such as boundaries. Given a  I(x, y), it is viewed as a function of continuous position variables (x, y). As it 

is the method for minimizing energy, calculus of variations is generally applied. In this study, we utilize dynamic 

programming that is more steady and assumable for joining in science. What's more, we utilize multi-dynamic 

programming with a specific end goal to evade the computational intricacy and track the important development and 

change of the shape. 

   

 

 

 

                                                                                                                                                                                                                                                                                                                                  

 

 Fig:2 Intermediate results of an input CXR in Snake segmentation  pipeline. 

V. EXPERIMENTAL RESULTS 

Experimental Datasets and Settings: The proposed Snake segmentation  method was evaluated on three CXR 

datasets. The first dataset is the publicly available Japanese Society of Radiological Technology (JSRT) dataset. The 

JSRT dataset consists of 247 standard PA CXRs that are scanned from plain film radiographs to a size of 2048 

×2048 pixels, with a spatial resolution of 0.175 mm and 12 bit gray levels. The manual segmentation of lung fields 

for CXR in the JSRT dataset is available at http://www.isi.uu.nl/Research /Databases/SCR/. The JSRT dataset is 

divided into two folds:fold 1 (124 images) and fold 2 (123 images). We used the two-fold cross-validation method to 

evaluate the segmentation performance. The second dataset is the Chest RadiographAnatomical Structure  

Segmentation (CRASS) dataset (http://crass.grand-challenge.org/). The CRASS dataset consists of 548 PA CXRs 

without manual segmentation of lungfields from a database containing images acquired at two site sin sub Saharan 

Africa with high tuberculosis incidence. Images from digital radiography (DR) units were used (Delft 

ImagingSystems, The Netherlands) with a typical size of 1800 × 2000 pixels and a spatial resolution of 0.25 mm. 

The third dataset includes 650 PA CXRs acquired using three types of DRsystems (Discovery XR656, GE 

Healthcare; FD-X, Siemens Healthcare; T-D3000, SONTU Medical Imaging) in Guangdong, China. 18 manual  

segmentation of the lung fieldswas performed in this dataset; such segmentation was used to evaluate the cross-data 

set generalization of the proposed method qualitatively. Similar to most studies [1, 6, 9], we downscaled the original 

http://www.isi.uu.nl/Research
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radiographs in the JSRT database to 256 × 256 pixels in the experiments. Thus, the pixel size be came 1.4 mm. 

Image down sampling to a lower resolutionprior to segmentation significantly speeds up runtime without 

compromising accuracy. We trained one Snake segmentation  on each fold of the JSRT dataset. The maximum 

number of trees in the Snake segmentation  was set to 8, and the maximum depth of trees was set to 16. The 

minimum sample number of leaf nodes was set to 8. A total of 0.2 million positive patches (in which lung 

boundaries existed) and 0.2 million 

 

TABLE  1 

 

Method Ω DSC time 

Snake Segmentation 95.2±1.6 97.5±1.0 <0.1 

SEDUCM 95.18±1.8 97.4±1.2 <0.14 

SIFT-Flow 95.4±1.5 96.7±0.8 20~25 

MISCP 95.1±1.8 / 13~28 

Hybrid voting 94.9±2.0 / >34 

Local SSC 94.6±1.9 97.2±1.0 35.2 

Human observer 94.6±1.8                    /                            / 

InvertedNet 94.6 97.2 7.1 

Post-processed 94.5±2.2 / 30 

ASM tuned 92.7±3.2                   / 1 

ASM _SIFT 92.0±3.1 / 75 

 

 

PERFORMANCE OF LUNG FIELD SEGMENTATION IN TERMS OF JACCARD INDEX (Ω),DSC AND 

COMPUTATION TIME ON CPU ON THE JSRT DATASET. VALUES 

(BESIDES COMPUTATION TIME) ARE REPORTED AS MEAN ± STANDARD DEVIATION. 

 

 

 

                          
Fig :Ω = 0.9720                                                                     Fig :Ω = 0.9716 
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Fig  :Ω = 0.9669                                                                      Fig :Ω =  0.9667 

  

Fig3: Examples of lung field segmentation results by Snake segmentation  on the JSRT dataset. contours indicate the 

ground truth and automatic segmentation results, respectively. 

 

Performance Evaluation Metrics 

We used three widely used metrics to evaluate our SEDUCM method quantitatively and compare it with other lung 

segmentation methods, namely, the Jaccard index (Ω), the Dice similarity coefficient (DSC) [26], and the mean 

boundary distance (MBD). These metrics were defined and computed as follows. 

Let us denote S as the estimated segmentation mask and T as the ground truth mask. Jaccard index was computed as: 

   

Ω =v 
|𝑆∩𝑇|

|𝑆∪𝑇|
 

where |.| is the cardinality of the set, S ∩T is the intersection of S and T, and S ∪T is the union of S and T. DSC is the 

overlap ratio between the ground truth mask T and the estimated segmentation mask S: 

DSC =  
2∗|𝑆∩𝑇|

|𝑆|+|𝑇|
 

 

CONCLUSION: 

 

Our method for lung field segmentation employed structured random forests to detect lung boundaries. In principle, 

modern boundary detectors, such as DeepEdge, Oriented Edge Forests , and HED [18], can be trained to detect these 

particular boundaries of lung fields. Among modern boundary detectors, Snake segmentation exhibits high 

efficiency, which promotes a fast and practical procedure of lung field segmentation. The segmentation performance 

of our method can be further improved. One technique is to combine pixel classification results and the boundary 

map detected by Snake segmentation . Another approach is to combine shape models with the boundary map. 

However, computation time and algorithm complexity increase when these methods are used. A direct approach is 

to reduce the false boundary responses of Snake segmentation . In general, a large number of training samples can 

lead to a relatively good performance ofprediction models.  

We can collect many CXRs with the manual segmentation ground truth to train a Snake segmentation. Variations in 

lung field boundaries can be effectively identified using the trained Snake segmentation.The segmentation 

performance of our method can be further improved. One technique is to combine pixel classification results and the 

boundary map detected by snake segmentation.  Another approach is to combine shape models with the boundary 

map. However, computation time and algorithm complexity increase when these methods are used. A direct 

approach is to reduce the false boundary responses of snake segmentation. In general, a large number of training 

samples can lead to a relatively good performance of prediction models. We can collect many CXRs with the 

manual segmentation ground truth to train a  snake segmentation. Variations in lung field boundaries can be 

effectively identified using the   snake segmentation 



International Journal of Advance Engineering and Research Development (IJAERD) 

Volume 13,Issue 8,August 2026,e-ISSN: 2348 - 4470 , print-ISSN:2348-6406 
 

@IJAERD-2026, All rights Reserved                                                                    9 

 

References 

[1.] Dimitris K. Iakovidis, George Papamichalis et al, “Automatic segmentation of the lung   fields in portable 

chest radiographs based on Bézier   interpolation of salient control points”,2008 

[2.] Chengdu, Sichuan, et al, “A visual saliency-based method for automatic lung regions extraction in chest 

radiograph”,2017 

[3.]Bulat Ibragimov∗ , Bostjan Likar, Franjo Pernu ˇ s, and Toma ˇ z Vrtovec “et al, “Accurate landmark-based 

segmentation by incorporating landmark misdetections”,2016 

[4.] Yeqin Shao, Yaozong Gao,et al “ Hierarchical Lung Field Segmentation With Joint Shape and Appearance 

Sparse Learning”,2014 

[5.] Dimitris K. Iakovidis,et al, “ Active shape model aided by selective thresholding for lung field segmentation 

in chest radiographs”2009 

[6.] Tuan Anh Ngo ,Gustavo Carneiro,et al, “ Lung Segmentation in chest  radiographs using distance regularized 

level set and deep-structured learning and inference”2015 

[7.] Sema Candemir*, Stefan Jaeger, et al,et al , “Lung Segmentation in Chest Radiographs Using Anatomical 

Atlases With Nonrigid Registration”,2013 

[8.]Sema Candemir1, Stefan Jaeger1, Kannappan Palaniappan2,et al “Lung segmentation in digital chest x-ray 

images using graph cut optimization method”,2013 

[9.]José Silvestre Silva , Augusto Silva  et al , “Lung Segmentation Methods in X-ray CT Images”,2000 

[10.] Mira Park1 , Laurence S.Wilson2 , et al “automatic extraction of lung boundaries by a knowledge-based 

method”,2001 

[11.] Li Qianqian , Fu Yingxia ,et al, “An image segmentation method based on the improved snake model”,2013 

[12.] Yoshinori Itai, Hyoungseop Kim,et al, “A segmentation method of lung areas by using snakes and automatic 

detection of abnormal shadow on the areas”,2006 

[13.] Y. Y. WONG,s P. C. YUEN , et al , “segmented snake for contour detection”,1998 

[14.] Seokyoon Choi, Changsoo Kim,et al “Automatic Initialization Active Contour Model for the Segmentation 

of the Chest Wall on Chest CT”,2010 

[15.] Wenchao Cui , Yi Wang,et al  “An Active Contour Model for the Segmentation of Images with Intensity In 

homogeneities and Bias Field Estimation”2013 

[16.] D. Baswaraj, Dr. A. Govardhan ,et al , “Active Contours and their Utilization at Image Segmentation”,2012 

[17.] Qi Ge a, Liang Xiao a,b, Zhi Hui Wei a,b,et al, “Active contour model for simultaneous MR image 

segmentation and denoising”,2015 

[18.] Xiaohua Qian , Jiahui Wang , Shuxu Guo ,et al “An active contour model for medical image segmentation 

with application to brain CT  image”,2013 

[ 19.] Xin-Jiang,Renjie-Zhang, et al “An improved active contours model for image segmentation by level set 

method”2012 

[20.] Jia Hui Ho, Wen Zheng Lung, et al, “An Active Contour Method for MR Image Segmentation of Anterior 

Cruciate Ligament (ACL)”,2010 

 

 

 

 

 

 

 


