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Abstract— Satellite, medical image segmentation and video 

analytics is a sub field of image segmentation in digital 

image processing that has many important. With the rapid 

developments of higher resolution imaging systems, larger 

image data are produced. To process the increasing image 

data with conventional methods, the processing time 

increases tremendously. Parallel processing funds to be the 

only solution to obtain the require processing speed for 

handling high speed of various application using 

segmentation algorithm on GPU ,CUDA, etc., to analysis 

the efficiency of parallel image segmentation. This paper 

investigates the overview of parallelization of image 

segmentation techniques. 
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I. INTRODUCTION 

Image segmentation is one of the many image processing 

algorithms. It is used mainly to reduce the original image 

data content for further processing. Image segmentation 

basically partitions the input image domain into regions, and 

each region contains pixels with a certain similar property 

with respect to each other within the region. Image 

segmentation is widely used in many applications such as 

medical imaging, robotic vision, video analytics and face 

recognition. Many algorithms have been developed to 

implement image segmentation in parallel, which include K-

Means Clustering, Region Growing, Watershed Transform, 

edge detection, active contour model, Histogram-based, 

Graph Partitioning, Neural Networks,etc. 

 With the development of higher resolution imaging 

technology, the sizes of image data are growing rapidly, and 

thus require longer processing time if conventional image 

segmentation method is used. This paper presents 

parallelization of conventional image segmentation 

algorithms to address the issue of greater processing 

demand. 

A. Image Segmentation Algorithms 

Various image segmentation algorithms are examined and 

parallelized; they are K-Means Clustering, Watershed 

Transform, edge detection and active contour model, 

Watershed Transform and K-Means Clustering. Watershed 

is chosen because it is widely used in many applications, 

whereas K-Means is chosen because of its simplicity. 

Watershed Transform partitions an image into valleys of 

pixels with brinks that are shared by adjacent valleys; these 

brinks are called watershed lines [1]. K-Means Clustering 

divides the image data set into K subsets of pixels according 

to some characteristics of individual pixel [2]. Edge 

detection essentially looks for pixels in an image where a 

sharp change in intensity is taking place [3, 4]. Active 

contour [5, 6, 7] is also known as snake is an effective 

technique for object boundary extraction in biomedical 

images such as blood vessel tracing.  

B. Parallel Algorithm in Image Processing 

1) Parallel Algorithm: 

The image is divided into sub-image and is executed in 

parallel to get individual outputs. Later on, these individual 

outputs are combined together to get the final desired 

output. It is not easy to divide a large image into sub-image. 

Sub-image may have data dependency among them. 

Therefore, the processors have to communicate with each 

other to solve the problem .To design parallel algorithm 

properly; we must have a clear idea of the basic model of 

computation in a parallel computer. Both sequential and 

parallel computers operate on a set (stream) of instructions 

called algorithms. These set of instructions (algorithm) 

instruct the computer about what it has to do in each step. 

Depending on the instruction stream and data stream, 

computers can be classified into four categories:  

 Single Instruction stream, Single Data stream 

(SISD) computers  

 Single Instruction stream, Multiple Data stream 

(SIMD) computers  

 Multiple Instruction stream, Single Data stream 

(MISD) computers  

 Multiple Instruction stream, Multiple Data stream 

(MIMD) computers  

 The model of a parallel algorithm is developed by 

considering a strategy for dividing the image and processing 

method and applying a suitable following parallel algorithm 

model to reduce interactions. In this survey paper apply the 

data parallel model, which use the concept of divide and 

conquer method. 

 Data parallel model  

 Task graph model  

 Work pool model  

 Master slave model  

 Producer consumer or pipeline model  

 Hybrid model  

II. OVERVIEW OF PARALLEL IMAGE SEGMENTATION 

ALGORITHM 

A. Watershed Transform  

Many implementations of the Watershed Transform had 

been developed [8,9]. This paper implements the Watershed 

Transform by immersion for grayscale images. Watershed 

by immersion is shown in Figure-1. Each pixel in a 

grayscale image can have a value of 0-255, with 0 

representing black, 255 for white, and values in between for 

shades of gray. To understand the idea of Watershed by 

immersion, imagine a landscape with catchment basins 

being immersed in a lake and a hole is pierced at the local 

minimum of each catchment basin. Water will fill up the 

basins start with their local minima. Dams are built at points 
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where water coming from different basins would meet. 

When water reaches the highest altitude in the landscape, 

the immersion process is stopped. At a result, the landscape 

is partitioned into regions separated by dams, called 

watershed lines or watersheds [10]. Grayscale images can be 

imagined as such landscapes made of pixels with various 

altitudes (0-255). A binary image is produced by the 

Watershed Transform, 1 (black) is assigned to dams, or 

watersheds, and 0 (white) assigned to regions surrounded by 

dams.  

 
Fig. 1: Watershed immersion 

1) Sequential Watershed Transform  

The sequential Watershed algorithm implemented which 

consists of following steps:  

1) Read in the image file (.txt) and store image data in 

a matrix array  

2) Find the minimum and maximum altitudes (pixel 

values) of the input grayscale image  

3) Initialize the output image, each pixel in the output 

image is assigned to the constant INIT (-1)  

4) Start with the minimum altitude, assign new 

distinct labels to each of these minimum, a label is 

any integer greater than 0  

5) Exam each pixel at the next higher altitude  

 If none of its neighbors is labeled (-1), label it 

as a new local minimum by assigning a new 

label to it (any integer > 0)  

 
 If its neighbors are labeled and all neighbors 

have the same label, label it as a basin pixel by 

assigning the label of its neighbors to it  

 
 If its neighbors are labeled and neighbors have 

different labels, label it as a watershed point  

 
6) Repeat 3 until the maximum altitude is reached; all 

pixels in the maximum altitude are labels as 

watershed points  

7) Produce the binary image by giving all watershed 

points the value 0 (black) and all non-watershed 

points the value 1 (white)  

8) Write the binary output image to a file (.txt)  

 Steps 4 to 6 are the immersion process. In step 5, 

each pixel’s neighbors are read to determine the final value 

for the pixel. However, the number of neighbors read can be 

varied. When all 8 neighbors are read, it is called 8-

connectivity; and 4-connectivity for 4 neighbors, Figure-2. 

The implementation of Watershed for this paper uses 8-

connectivity. 4-connectivity has the potential of reducing 

computation, and communication when the algorithm is 

parallelized. Lastly, edge pixels of the image are ignored for 

ease of implementation.  

 
Fig. 2: Connectivity 

 The pseudo code for the sequential Watershed 

Transform implementation is shown below  

#define INIT -1  

#define WATERSHED 0  

int inputImage[m][n]; //storage input image matrix 

int outputImag[m][n]; //storage output image matrix 

main() 

{ 

Read input image file,inputImage[m][n]=image file;                     

                                                  //grayscale 

Find minimum and maximum altitudes of the input image;

  //find min and max altitudes (pixels) 

Initialize the output image,outputImage [m][n]=INIT;  

//initialize the output image 

for (altitude<=the maximum altitude)     

                                            //immersion 

{ 

if(inputImage[m][n]= =altitude) 

{ 

if(no labeled neighbors) 

outputImage[m][n]=  a new label; 

if(same labeled neighbors) 

outputImage[m][n]=neighbor’s label;  

if(different labeled neighbors) 

outputImage[m][n]=WATERSHED; 

} 

altitude++; 

} 

If(outputImage[m][n] != WATERSEHD)   

                                   //output binary image  

outputImage[m][n] = 1;  

write output image to file, image file = outputImage[m][n];    

}  

2) Parallel Watershed Transform  

There are two major classifications of current parallel 

implementations of the Watershed Transform: domain 

decomposition and functional decomposition [11]. Domain 

decomposition divides the image into sub-images and 

distributes them across processors, and each processor uses 

the sequential algorithm to process its assigned sub-image. 

Domain decomposition is more portable than functional 

decomposition in the sense that one decomposition result of 

an image can be used for many algorithms if they are 

processing the same image, thus domain decomposition is 

used for this paper. Two dominant parallel programming 

models exist: message-passing programming model and 

shared-memory programming model. In message-passing 

model, tasks and data are assigned to processors, and 

processors interact with each other by initiating explicit 

communication calls (i.e. MPI_Send () and MPI_Receive 

()). In shared-memory model, all processor shared a 

common memory, and processors interact with each other 

by simply reading and writing to the shared memory space. 

Shared-memory programming model is used for this paper..  
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 Parallelization of the Watershed algorithm is done 

by dividing the input image matrix into p strips of sub-

matrices (p = # of processors), and each processor applying 

Watershed to one sub-matrix, Figur-3. In other words, every 

processor runs the same program but processes different 

data. Data allocation is done statically before run time. The 

reason for dividing the image into strips of columns is that 

the number of rows is usually smaller than the number of 

columns (i.e. 480x640), thus frequency of communication is 

a little smaller than dividing the image into slices of rows. 

 
Fig. 3: Image decomposition 

 Among the steps described previous for the 

sequential Watershed, only steps 3 to 6 are parallelized. 

Steps 1 and 8, reading from and writing to an image file, 

require parallel I/O [12]. Steps 1 and 8 are not parallelized 

because their execution times are assumed to be negligible 

compare to immersion time, and the complexity of parallel 

I/O render the effort not worthwhile. Step 2, finding the 

minimum and maximum altitudes of the image, is not 

parallelized because two global shared variables are used to 

store the minimum and maximum altitudes, and locks are 

needed to prevent more than one processors trying to write 

to the same memory location at the same time; locks would 

introduce overhead that might be worse than execute the 

step sequentially. Barriers are also used in the parallel 

program to synchronize all processors and making sure no 

one gets too far ahead of the others. Barriers introduce 

overhead naturally, but they are necessary to ensure the 

correctness of the final result. 

 
Fig. 4: parallel watershed 

B. K-Means Clustering Algorithm  

K-Means Clustering algorithm clusters the image data set 

into k subsets of pixels; each subset has a center value which 

is the average of all pixels in the subset, thus k subsets 

resulted in k centers total. A pixel is grouped into a subset 

by first calculating the distances between the pixel and each 

center, and then the pixel is grouped into the subset that has 

the closest center. After one pass through the image, error is 

calculated, and the clustering process is stopped when the 

error converged to a value; error is the sum of the squared 

distances between all pixels in a subset and the subset’s 

center.  

1) Sequential K-Means Clustering Algorithm  

The sequential K-Means Clustering algorithm implemented 

for grayscale images consists of following steps:  

1) Read in the image file (.txt) and store image data in 

a matrix array  

2) Find the minimum and maximum pixel values of 

the input image  

3) Initialized K centers with the results from step 2  

4) For each pixel  

 calculate its distance to each center  

 cluster the pixel into the subset that has closest 

center  

5) Calculate new K centers; each new K center is the 

average of all pixel values in its subset  

6) Calculate new error, the sum of the squared 

distances between all pixels in a subset and the 

subset’s center  

7) Repeat steps 4 to 6 until error converged to a value  

8) Write the output image to an image file (.txt)  

 The pseudo code for the sequential K-Means 

Clustering implementation is shown below  

#define K  

int inputImage[m][n]; //storage input image matrix  

int outputImage[m][n]; //storage output image matrix  

main()  

{  

read input image file, inputImage[m][n] = image file;                  

//Grayscale Image 

findMinMaxPixels();     

        //find min and max pixels values 

initialize centers, center[K];    

             // initialize K centers  

while(error is not converged)    

             // clustering 

{  

for(each pixel inputImage[m][n])  

{  

distance = |inputImage[m][n] – center[K]|;  

outputImage[m][n] = closest center[K];  

}  

new center[k] = ;  

error = input ;  

}  

write output image to file, image file = outputImage[m][n];   

//    output clustering image 

} 

2) Parallel K-Means Clustering Algorithm  

The implementation of the parallel K-Means Clustering 

algorithm uses the same parallelization approach (discussed 

previously) used for Watershed algorithm, data domain 

decomposition. The input image is again being partitioned 

into p (# of processors) strips and distribute over p 

processors, Figure-4. Only steps 4 to 7 (clustering) of the 

sequential K-Means algorithm are parallelized because they 

dominate the total program execution time, Figure-5. In step 

6 of the sequential K-Means, the sum of all pixels in a 

subset and the total number of pixels are used to calculate 

new centers. Since pixels belong to a subset might be 

distributed across the image (which is distributed across 

processors), shared memory locations are allocated to store 

those values. Any processor can update the sum of a subset 

by adding a pixel to it, thus lock is used to prevent 

processors from writing to the same memory location. 
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Fig. 5: Parallel K-Mean cluster algorithm 

C. Edge Detection algorithm 

Edge detection is one of the most usable operations within 

the computer vision and the image segmentation fields. 

Detection algorithms are central for image analysis and 

recognition applications [13, 14]. Edge detection essentially 

looks for pixels in an image where a sharp change in 

intensity is taking place [15]. Our long-term goal is to 

eventually have an optimized high quality parallel algorithm 

capable of detecting efficiently. Edge detection are done by 

Prewitt edge detection algorithm as defined by Granzales, 

Woods and Edds is a   discrete differentiation operator with 

the goal to calculate the gradient of the image intensity 

function, where the convolution operation is done on each 

pixel in both horizontal and vertical directions (0 and 90 

degrees) [16] with dynamic threshold. This gradient edge 

detection algorithm looks for maximum and minimum 

derivatives of the image [15]. In order to detect edges in 

both horizontal and vertical directions, the input image is 

masked with two matrices (windows) each of size 3 by 3 in 

figure 6. 

 
Fig. 6:  (a) Windows used with original algorithm. (b) 

Directions of the detected edges. 

 Masking the input image with the windows in 

Figure 6(a), results in two intermediate templates 

(candidates). This means for each pixel there are at most two 

candidates to choose from. The strategy of election is to 

elect the pixel which has maximum intensity value (sharper 

changing) to represent that pixel within its final destination. 

However, limiting the algorithm to choose between only two 

candidates is not sufficient to produce accurate results. It is 

possible to use all possible eight directions as shown in 

Figure 6(b) and be able to detect edges from all eight 

candidates. An improved version of the original 

bidirectional algorithm that handles eight directions was 

proposed in 2008 by Ci and Chen [17].  

 The Pseudo code corresponding to the bidirectional 

Prewitt edge detection is represented in section 1. 

/* Where f(x,y) is the input image, k1(x,y)and k2(x,y)are the 

two mask windows in direction 0” and 90” respectively and 

g(x,y) is the output image */  

I[imgHeight, imgWidth] := imRead(image);  

/* imgHeight: image’s height, imgWidth: image’s width. */  

k1[maskHeight,mWidth] := imRead(Mask);  

/* maskHeight: mask’s height, maskWidth: mask’s width. */  

k2[maskHeight,mWidth] := imRead(Mask);  

/* maskHeight: mask’s height, maskWidth: mask’s width. */  

h := (maskHeight-1)/2 ;  

w := (maskWidth-1)/2 ;  

for y := 0 until imgHeight do  

for x := 0 until imgWidth do  

{ sum = 0 ; sum1 = 0 ; sum2 = 0 ; /* initialization */  

for i := -h until h do  

for j := -w until w do  

{ sum1 + = k1(j,i)*I(x-j,y-i) ; /*convolution in the first 

direct*/  

sum2 + = k2(j,i)*I(x-j,y-i); /* convolution in the second 

direct*/  

sum = max(sum1, sum2) } /* select the max intensity */  

g(x,y) = sum; } /* result image *  

1) Dynamic Iterative Thresholding  

Thresholding is desirable in many applications; we have 

added this functionality to the algorithm to be used when 

needed. There are many thresholding techniques available 

ranging from visual judgment using trial and error to 

reliance on global or local methods [16,18,19]. In this work 

we have selected to add the basic global thresholding 

method due to its computational simplicity, acceptable 

quality and applicability to a variety of applications [16]. 

The technique works iteratively to find the thresholding 

value as described in section 2. 

 Step 1: Start with initial guess for the thresholding 

value T.  

 /* For faster convergence, choose initial T to be the 

average of all intensities of the assigned work [5] */  

 Step 2: For each pixel, marked as group 1 (G1) or 

group 2 (G2):  

 if img[i,j] > T, img[i,j] ɛ G1  

 else img[i,j] ɛ G2  

 Step 3: For each group, find the average of 

intensities Av1 and Av2 respectively.  

 Step 4: Find the new threshold value: Tnew = (Av1 

+ Av2 )/2.  

 Step 5: Stop if | Tnew – T| ≤ tolerant value; 

Otherwise T = Tnew and repeat the process from  

step 2.  

2) Parallelism in edge detection 

 
Fig. 7: Parallel processing of data image 
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To achieve time efficiency, it is desired to decrease the 

number of times needed to copy data from slower shared 

memory (MIMD) to local memory at each computational 

unit. The algorithm starts dividing the image into a number 

of equal sized tiles (sub-images) using divide and conquer 

method. Parallel processes will work independently on 

different sub-images using a self-scheduling technique for 

work distribution. Each processor applies smoothing, 

localization, and iterative thresholding before writing the 

processed data to its final location as shown in Figure 7.   

 As seen in Figure 7, the parallelism is applied at the 

highest possible level in which all work, in between the time 

of loading the main image up until merging sub-images, is 

done in parallel.  

 Procedure of the proposed algorithm:  

3) Initialization  

 Input Image  

 User specifies the following options:  

 Partitioning Method: rows, columns, or blocks (due to 

the space constrain, we will demonstrate row 

partitioning only)  

 Number of desired sub images, [numOfSubImage];  

 Number of processes, [numOfProcl];  

 Enabled or disabled: Smoothing technique, 

Thresholding. [toSmooth],[toThreshold];  

 Noise level of the image (visual guess): 1 very low – 5 

very high. [levelOfNoise];  

4) Partitioning data  

 Divide into the sub work as specified by the user’s 

chosen mechanism of partitioning.  

 Divide the work among the assigned processors. 

Processes will self-schedule to obtain the next 

available work  

5) On each of the sub works (if any) do the following:  

a) Localization  

Eight-direction Prewitt (as described in Section 1)  

b) Thresholding  

 If thresholding is enabled then apply the basic 

iterative global thresholding (as described in 

Section 2)  

c) Merging data  

 Merge the processed sub work to its final 

destination.  

d) Return processed image  

Pseudocode of partitioning into rows (our implementation 

supports rows, columns and blocks partitioning 

mechanisms). The Pseudocode conventions are taken from 

[20]:  

procedure parmain(initialization as specified in step 1)  

Img [imgHeight,imgWidth] := imRead[imgName]; /* 

Loading the image */  

workLoad := imgHeight/numOfSubImage;  

shared img, destImage, numOfSubImage, levelOfNoise, 

numOfProc, toThreshold,toSmooth, workLoad, imgWidth, 

imgHeight;  

private i, subImg,x,y;  

Self-Scheduled forall i := 0 until numOfSubImage /* 

Dynamic Scheduling of parallel processes */  

begin /* partitioning data into sub-images each having the 

same imgWidth but with specific height*/  

x : = 0;  

y := i * workLoad; /* We are giving an example of 

partitioning into rows */  

subImage := Rectangle( Img, Rect(x, y, imgWidth, 

imgHeight/numOfSubImage)); /* copy specified rect to 

subImage */  

if (toSmooth) then /* De-noising: if smoothing is enabled */  

subImage := Smoothing (subImage,LevelOfNoise);  

end /* Localization: Eighth direction Prewitt */  

subImage := eightDirections (subImage);  

if (Thresholding) then /* Thresholding: if thresholding is 

enabled */  

subImage := iterativeThresholding (subImage);  

end  

critical work; /* Merging Data: /* Writing Data to its final 

destination*/  

mergeSubImage (destImage, subImage, Rect (x, y, 

imgWidth, imgHeight /numOfSubImage ));  

end critical;  

Release(subImage);  

end  

Return (destImage); /* Return Processed image*/  

End Procedure  

D. Parallel Active Contour 

Parallelism is an effective way to speed up the convergence 

of the contour. Florence Kussener [21] proposed a genetic 

algorithm to optimize the energy minimization of the snake, 

and used parallel computing to optimize time of 

computation. R.M.Curwen, A.Blake and R.Cipolla [22] used 

B-Spline with L spans to describe the snake, and processed 

L spans in parallel on a network of transputers, yet the spans 

need to communicate the effects of the feature to the rest of 

the snake. Akiy oshi W akatani [23] divided the contour into 

parts that contain I control points each and allocated them to 

different processors which can converge in parallel. The 

objective of this algorithm paper is to propose a simple, 

efficient and yet effective parallel implementation for the 

active contour models, which is capable of achieving 

accuracy (Ac) similar to the serial version, while providing a 

faster processing. 

1) Active Contour Algorithm 

The active contour model is an approach to extract the 

boundary of an object from a 2D image. It tries to minimize 

the energy of the current contour which is computed as the 

sum of the internal and external energy. When the contour 

converges to the object boundary, its internal energy is 

minimized, and the most usual approach is to assign low 

values when the gradient reaches its peak value. When the 

snake has a shape similar to the object, its external energy 

should be minimal. The simplest approach is to assign high 

energy to elongated contours and to high curvature contours. 

The snake exhibits dynamic behavior as it always minimizes 

its energy function. A simple snake which is elastic can be 

defined as A.A set of n points B.An internal elastic energy 

term C. An external edge based energy term To find the 

contour of the object in an image, we need to initialize the 

contour near the object and it will iteratively converge to the 

object boundary. Suppose the active contour is defined by a 

parametric curve C(u, t) = [x(u, t), y(u, t)], u € [0,1] where, t 

determines the temporal position of a point in the sequence, 

moving through the spatial domain of an image. The energy 

function of the snake to be minimized can be defined by (1). 



A Survey on Parallelization of Image Segmentation Algorithm 

 (IJSRD/Vol. 3/Issue 09/2015/070) 

 

 All rights reserved by www.ijsrd.com 281 

 
Where, Eint, Eimage and Eext are internal, image and 

external energy, respectively. 

2) Parallel Implementation of Active Contour 

To accelerate the computation process, in the paper, we 

proposed a parallel method to converge the active contour. 

The method can be combined with most of the active 

contour approaches mentioned in the literature, because it is 

independent of how the active contour is modeled and how 

the minimization process is carried out. Our experimental 

results with real world images demonstrate that our parallel 

method can speed up the convergence process. 

a) Initial Contour Splitting 

Instead of subdividing the image, we split the contour into 

two or more sub-contours depending on the shape and 

complexity of the object. Here for simplicity of the 

discussion, we split the contour into two sub-contours, and 

then the two sub-contours start to converge in parallel. It is 

easy to extend the discussion to four or more sub-contours. 

The ideal situation is that the two sub-contours complete 

their convergence simultaneously, so they should have 

similar sizes. 

 After the initial contour is drawn, its four 

coordinates is selected, including the most left, top, right 

and bottom position, where we denote the x coordinate of 

the most left and right position as le f tX and rightX, the y 

coordinate of the most top and bottom position as topY and 

bottomY. With these four parameters, four points P1,P2, 

P3,P4 are created, where P1 = (le f tX, topY), 

 P2 = (rightX, topY), P3 = (le f tX,bottomY),P4 = 

(rightX,bottomY). P1, P2, P3,P4 define a rectangle 

surrounding the initial contour, then we split the rectangle 

into two sub-rectangles with equal size by creating a black 

line through the center of the rectangle, as a result,the 

contour is also split into two sub-contours with similar size. 

In order to make the sub-contours converge to the object 

boundary, they must be end to end to form a loop,so we 

used the black line as part of the two sub-contours to help 

them to form a loop as shown in Fig. 8. 

 
Fig. 8: split the contour into subcontour by using blackline 

 If the object in the image is large or have complex 

shape, to increase the parallelism, the contour may be split 

into four parts. Just as described above, the contour is 

divided into two sub-contours first, then divide the contour 

vertically by creating another black line from top to bottom, 

with the start point Pstart = (le f tX +(rightX −le f tX)/2, 

topY), and the end point Pend = (le f tX +(rightX −le f 

tX)/2,bottomY). By the two black lines, the contour is now 

divided into four sub-contours as shown in Fig. 9, which 

may be assigned to four different threads to run in parallel. 

 
Fig. 9: split the contour into four subcontours by using 

blackline. 

b) Combine Sub-Contours into the Whole Contour 

The pseudo-code to delete the points on the black line and 

combine the sub-contours is shown in below. 

 

S.No: Method Advantages Limitations Applications 
Memory 

Usage 

1 Thresholding 
These methods are fastest, simplest 

and easiest to implement. 

These methods are 

responsive to artifacts 

and piecewise 

continuity is not 

assured by them 

They are mainly 

applicable to structures 

that have divided 

intensity allotment. 

Fast 

2 Clustering 

These methods are easy to 

implement and can also be used as 

starting point for other approaches. 

They require a spatial 

constraint to perform 

well. 

Mainly work well for 

MR images; not 

capable to handle CT 

Medium 
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images. 

3 
Active 

Contour 

They effectively handle the 

topological changes and assure the 

piecewise continuity. These 

methods are noise insensitive and 

provide Sub-pixel accuracy. 

Requires the tuning of 

parameters and thus 

can affect speed of the 

system. 

Work best with 

statistical regional 

information of the 

image. 

Fast 

4 
Edge 

detection 

They are easy to implement and 

offer effective computational 

factor. 

Not appropriate to 

figure out all kinds of 

problems 

Can be applied in all 

modalities of medical 

image segmentation. 
Fast 

Table 1: Comparison of parallel image segmentation 

algorithm 

III. CONCLUSION 

This paper provides a brief overview of some methods and 

techniques under the umbrella of parallel image 

segmentation. Medical field is comprised of a number of 

medical modalities and each one of them contains a number 

of diseases and issues under its heading. In video analytics 

various parallel segmentation are required to perform in 

effective manner. So this paper is basically analyzing the 

techniques to help to implement in particular problem. The 

usage of various methods depends on the type of application 

built together with resources available. 
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