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ABSTRACT 
Morphological image processing has been widely used for 

segmentation of binary, grayscale and color images. To 

extend the concept of segmentation, an ordering of the data 

is required. In this research paper, an effective 

methodology for digital color image segmentation has been 

publicized with stochastic gradients and watershed 

algorithm. The results demonstrate that combining of these 

two strategies has been very helpful for image 

segmentation and for computer vision, even in noisy 

images. The efficiency of the proposed methodology has 

been explained by experimental results and statistical 

measurements. 
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1. INTRODUCTION 
Watershed based image segmentation [1-11] approach has 

found wide applications in various types of images which 

are not only confined in the optical spectrum but also in 

other frequency ranges like infrared, microwave and 

millimeter wave based imaging, viz radar imaging, satellite 

imaging. The images are acquired in this practical field as 

mentioned above are usually subjected to further 

processing and analysis and these are prevarrent in radar 

imaging of various types. The images of the stellar objects 

[19-20] are acquired by satellites. The space trap already 

set off for long voyage, Hubble space telescope are most 

often found to be corrupted by different noises. A large 

number of digital images are transmitted through internet 

which includes both LAN and wireless channel. The 

images transmitted through internet are also prone to be 

effected by various types of additive and adaptive noises 

[15-16]. These noises are most often random in nature and 

they effects the major portion of any image and spatially 

they damage the border of the images and these damage 

sometime are found to be so devastating that it destroys the 

demarcating boundary line between the foreground image 

and there background. 

Watershed algorithm has found a prominent place in image 

segmentation owing to its inherent property of having a 

stable output with minimum post processing. Hence it is 

obvious that all the types of problems arising out of 

quantification by the noise should be eliminated in the 

preliminary phases of watershed, i.e. mathematical 

morphological based image segmentation process. At the 

very concept of the watershed segmentation are normally 

undergone through obtaining a gradient image because it 

helps to eliminate the major variations of the intensity of 

neighboring pixels. These gradient images are acquired by 

proposed by F. Mayer [5] by using standard high pass 

spatial filters [15, 18] like Sobel, LoG, Prewitt etc. These 

high pass linear spatial filters are capable of removing the 

noise in a medium scale but with the help of Canny edge 

detector these noise can be minimized to some 

appreciatable extent [16-17]. Stochastic gradient filters [15] 

have been found to be efficient reducing various types of 

noises (mostly adaptive noise) in a controlled manner. 

Hence the application of these stochastic gradient kernels in 

noisy images may be considered worthwhile and justified.  

All though a large number of research papers [1-13] are 

found in various journals, no study based on the stochastic 

gradient filter in watershed segmentation is available in 

published or online literature.  

This paper is divided into a choice of sections. In section 2 

stochastic gradient operators are publicized. Section 3 

describes the gaussian filter for image smoothing. Section 4 

introduces a brief description on watershed algorithm. 

Section 5 presents the proposed approach. The 

experimental results are discussed in section 6 and we 

finish this paper with some concluding remarks with 

section 7.          

2. STOCHASTIC GRADIENT 

The gradient masks of standard high pass spatial filters 

perform poorly in noisy images. A better alternative is to 

design some masks, which take into the presence of noise 

in a controlled manner. The stochastic gradient operator 

can be obtained using definitions in (1).  

𝑔1 𝑚, 𝑛 ≜ 𝑢𝑓 𝑚, 𝑛 − 1 − 𝑢𝑏(𝑚, 𝑛 + 1)                                                            

(1) 

Stochastic gradient operators with different masks are 

shown in figure 1 to 6. It is notable that for high signal 

noise ratio the filter waits decay rapidly.     

 

Fig 1: 3x3 Stochastic gradient mask, SNR=9. 
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Fig 2: 5x5 Stochastic gradient mask, SNR=9. 

 

Fig 3: 7x7 Stochastic gradient mask, SNR=9. 

 

Fig 4: 3x3 Stochastic gradient mask, SNR=1. 

 

Fig 5: 5x5 Stochastic gradient mask, SNR=1. 

 

Fig 6: 7x7 Stochastic gradient mask, SNR=1. 

3. GAUSSIAN FILTER FOR IMAGE 

SMOOTHING  
The Gaussian smoothing operator is a spatial low pass 

linear filter that is used to `blur' images and remove detail 

and noise. Gaussian low pass filters have wide applicability 

in removing different types of additive and non additive 

noises. Out of these additive noises additive white gaussian 

noise (AWDL) Rayleigh noise, Erlang noise, exponential 

noise, uniform noise can be reduced by using Gaussian low 

pass filter. Besides impulse noises and speckle noises can 

be reduced to some small extent by using the same 

frequency domain low pass Gaussian filters. The degree of 

smoothing is determined by the standard deviation of the 

Gaussian. It is obvious that larger standard deviation 

Gaussians require larger convolution kernels. In below a 

Gaussian 7x7 mask which is used in proposed methodology 

for smoothing purpose of the gradient image is shown.  

 

Fig 7: Gaussian 7x7 mask. 

4. WATERSHED ALGORITHM 
 

 

Fig 8: Watershed segmentation-local minima of gray 

level yield catchment basins, local maxima define the 

watershed lines. 

Watershed algorithm is a tool for morphological image 

segmentation. A gray scale image can be interpreted as the 

topographic image of landscape. This is accomplished with 

the image intensity as an altitude. Using the features of 

these images, the technique of digital image processing 

called Watershed Transform. It consists in placing a water 

source in each regional minimum or catchment basins 

(CB), to flood the relief from sources, and build barriers 

when different sources are meeting. The resulting set of 

barriers constitutes a watershed by flooding, i.e., the set of 

pixels along which the gray levels changes sharply gives 

rise to a watershed edge. The mathematical formulation of 

watershed algorithm is sated below. 

Assume, Mi where i= 1 to n be the set of coordinates points 

in the regional minima (catchment basins),  of the image 

P(x,y) and C(Mi) be the coordinates points of catchment 

basins associated with the regional minima Mi                                   

                         𝑇𝑛 =  {(𝑠, 𝑡) | 𝑃(𝑠, 𝑡) < 𝑛}                              
(1) 

Where, 

T[n] = set of points in P(x,y) which are lying below the 

plane p(x,y) = n 

min, max = minimum or maximum gray level value. 

n = stage of flooding varies from min + 1 to max + 1 

Let Cn(M1) be the set of points in  the catchment basin 

associated with M1 that are flooded at stage n. 

𝐶𝑛(𝑀1)  = ∩ {𝐶(𝑀1), 𝑇[𝑛]}                         (2) 

Where,     

𝐶𝑛(𝑀𝑖) =  
1,   𝑖𝑓  𝑥, 𝑦 ∈ 𝐶 𝑀𝑖 𝑎𝑛𝑑(𝑥, 𝑦) ∈ 𝑇[𝑛]
0,   𝑜𝑡𝑕𝑒𝑟𝑤𝑖𝑠𝑒                                              

                                                                               

(3) 
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C[n] is the union of flooded catchment basin portions at the 

stage n. Where, 

𝐶[𝑛]  =  𝐶𝑛(𝑚1) ∪ 𝐶𝑛(𝑚2) . . . . . . 𝐶𝑛(𝑚𝑅)          (4) 

     

𝐶[𝑚𝑎𝑥 +  1]  =  𝐶(𝑚1) ∪ 𝐶(𝑚2) . . . . . . 𝐶(𝑚𝑅)  
                                                  (5) 

If the algorithm keeps on increasing flooding level then 

Cn(Mi) and T[n] will either remain constant or increase. 

Algorithm initializes 𝐶[𝑚𝑖𝑛 +  1]  =  𝑇[𝑚𝑖𝑛 +  1] , and 

then precedes recursively by assuming that at step n C [n - 

1] has been constructed. 

Let, G is a set of connected components in T[n] and for 

each connected component g ∈ G[n], there possibilities 

will arise. 

1. g ∩ C[n - 1] is empty. 

2. g ∩ C[n - 1] contains one connected component of C[n - 

1]. 

3. g ∩ C[n - 1] contains more than one connected 

component of C[n - 1]. 

5. PROPOSED METHODOLOGY 
Watershed segmentation is an effective method for image 

segmentation. To apply watershed segmentation to color 

images, first color images has been converted into gray 

scale images and with the help of spatial high pass filters 

gradient images has to generate next.  The watershed 

algorithm is applied on that gradient image. In this process 

selection of a spatial high pass filters are needed as they 

decide the final segmented result. In this proposed 

methodology stochastic gradients of different masks and 

SNR have been used for generating gradient images as 

these gradient kernels are capable of removing the noise 

much better than the standard high pass filters. It has been 

also observed that direct apply of watershed algorithm on 

the gradient images results over segmentation. To reduce 

the scope of over segmentation problem smoothing 

technique is needed before applying watershed algorithm 

on the gradient images. A gaussian mask of 7x7 is also 

introduced in this methodology for the smoothing purpose.  

And finally the watershed algorithm in applied to get the 

final segmented map or result image. The flow diagram of 

the proposed methodology is shown below in figure 9.      

 

Fig 9: Flow diagram of the proposed methodology. 

6. EXPERIMENTAL RESULTS AND 

DISCUSSION 
Six different masks of stochastic gradients have been 

chosen to carry out the image segmentation process using 

the proposed method, 3x3 stochastic gradient masks with 

SNR=9 and SNR=1, 5x5 stochastic gradient masks with 

SNR=9 and SNR=1 and 7x7 stochastic gradient mask with 

SNR=9 and SNR=1. SNR (Signal to noise ratio) is a 

measure used in science and engineering that compares the 

level of a desired signal to the level of background noise. It 

is defined as the ratio of signal power to the noise power. 

The proposed approach has been applied on two real life 

images of “Lena” and “Laure” of 512 x 512 and 256 x 256 

dimensions respectively. The original image is shown in 

figure 10 and 17. The final segmented images have been 

shown below from Figure 11 to Figure 16 and from figure 

18 to 23 respectively for “Lena” and “Laure”. The 

watershed ridge lines have been imposed on the final 

segmented images. The statistical analyses of the 

segmented images have been calculated in respective of 

Entropy, PSNR and MSE and are shown in table 1. It is 

observed from the segmented images with SNR=1 are less 

over segmented then the images acquired with the masks 

having SNR 9. From the statistical point of view, the 

segmented image with 7x7 stochastic gradient mask with 

MSE=1, produce lesser Entropy and PSNR with higher 

MSE. The segmented image with 3x3 stochastic gradient 

mask with MSE=1, produce higher Entropy and PSNR with 

lesser MSE. It is also observed that 7x7 stochastic gradient 

mask with SNR= 1 produce better results in respective of 

the statistical analysis and human perception. Thus, in this 

research work, 7x7 stochastic gradient mask has been 

found to be most efficient in reducing various types of 

noises. Experimental results presented in this paper are 

obtained by using MATLAB. 

Read the color image

Convert the image into gray 
scale

Obtain gradient image using 
Stochastic Gradients

Apply Gaussian smoothing

Apply watershed algorithm

Final segmented map
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Fig 10: Original Image of Lena.

 

Fig 11: Segmented image of Lena with 3x3 Stochastic 

gradient mask, SNR=9. 

 

Fig 12: Segmented image of Lena with 5x5 Stochastic 

gradient mask, SNR=9. 

 

Fig 13: Segmented image of Lena with 7x7 Stochastic 

gradient mask, SNR=9.

 

Fig 14: Segmented image of Lena with 3x3 Stochastic 

gradient mask, SNR=1. 
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Fig 15: Segmented image of Lena with 5x5 Stochastic 

gradient mask, SNR=1.

 

Fig 16: Segmented image of Lena with 7x7 Stochastic 

gradient mask, SNR=1.

 

Fig 17: Original Image of Laure. 

 

Fig 18: Segmented image of Laure with 3x3 Stochastic 

gradient mask, SNR=9.

 

Fig 19: Segmented image of Laure with 5x5 Stochastic 

gradient mask, SNR=9.

 

Fig 20: Segmented image of Laure with 7x7 Stochastic 

gradient mask, SNR=9. 

 



International Journal of Computer Applications (0975 – 8887)  

Volume 74– No.13, July 2013 

14 

 

Fig 21: Segmented image of Laure with 3x3 Stochastic 

gradient mask, SNR=1.

 

Fig 22: Segmented image of Laure with 5x5 Stochastic 

gradient mask, SNR=1.

 

Fig 23: Segmented image of Laure with 7x7 Stochastic 

gradient mask, SNR=1. 

 

 

 

 

 

Table I- statistical measurement 

Image Entropy PSNR MSE 

Lena  

(3x3 mask, 

SNR=9) 

3.1801 7.6592 1.1147e+004 

Lena 

(5x5 mask, 

SNR=9) 

3.1621 7.6383 1.1201e+004 

Lena 

(7x7 mask, 

SNR=9) 

3.1414 7.6251 1.1235e+004 

Lena 

(3x3 mask, 

SNR=1) 

3.1802 7.6622 1.1139e+004 

Lena 

(5x5 mask, 

SNR=1) 

3.1554 7.6233 1.1240e+004 

Lena 

(7x7 mask, 

SNR=1) 

3.1212 7.6143 1.1263e+004 

Laure  

(3x3 mask, 

SNR=9) 

2.5542 4.7343 2.1860e+004 

Laure 

(5x5 mask, 

SNR=9) 

2.5393 4.7773 2.1645e+004 

Laure 

(7x7 mask, 

SNR=9) 

2.5214 4.8166 2.1449e+004 

Laure 

(3x3 mask, 

SNR=1) 

2.5534 4.7311 2.1876e+004 

Laure 

(5x5 mask, 

SNR=1) 

2.5280 4.7866 2.1598e+004 

Laure 

(7x7 mask, 

SNR=1) 

2.5138 4.8243 2.1412e+004 
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7. CONCLUSION 
Image segmentation is an essential process for most sub 

sequent image analysis tasks. In this research paper, an 

effective methodology for digital color image segmentation 

has been publicized with stochastic gradients and 

watershed algorithm. The proposed methodology has been 

successfully tested on a digital color image. The results 

demonstrate that combining stochastic gradients with 

watershed algorithm can be very helpful for image 

segmentation and for computer vision, even in noisy 

images. The experimental results and statistical 

measurements confirm the efficiency of the proposed 

methodology. 
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