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I. INTRODUCTION 
Magnetic resonance imaging (MRI) or nuclear magnetic resonance imaging (NMRI)[1], [2] is primarily medical 

imaging technique used in radiology to visualize internal structure of the body. MRI provides much greater 

contrast among different soft tissues of body. This ability makes it useful for neurological, musculoskeletal, 

cardiovascular and oncological imaging [3]. Brain matter could be generally categorized as White Matter (WM), 

Gray Matter (GM) and Cerebrospinal Fluid (CSF) [4], [5]. Most of brain structures are anatomically defined by 

the boundaries of these tissue classes[4]–[6]. So, we need a method of segmenting tissues in classes. It is an 

important step for quantitative analysis of the brain and its anatomical structures. Brain tissue classification is 

also an important step for detection of various pathological conditions affecting brains parenchyma[7]–[9]. It is 

also used for surgical planning and simulation [10]and three-dimensional visualization for diagnosis and 

detection of abnormalities[11]–[13]. It is also useful in the study of brain development [13]–[15] and human 

aging [15], [16]. 

In MR imaging, images are produced based on intensities achieved by three tissue characteristics namely: T1 

relaxation time, T2 relaxation time and proton density (PD). The images obtained by these properties are known 

as T1- weighted MR images, T2-weighted MR images and proton density MR images respectively. The effect 

of these parameters image can be varied based on the adjusting the parameters like time to echo (TE) and time 

to repeat of the pulse sequence [17]. By using different parameters or number of echoes in the pulse sequence, a 

multitude of nearly registered images with different characteristics of same object can be achieved. If only a 

single MR image of the object is available such an image is referred to as single-channel (single-echo) image, 

and in case when number of MR images of the same object at same section are obtained, they are referred as 

multi-channel (multispectral or multi-echo) images[18]. For a given scanning time, the voxel sizes achieved in 

multi-spectral images are larger than those achieved with single-channel images. This ability of finer voxel sizes 

makes single-channel image more suitable for precise and accurate quantitative measurements of anatomical 

structures and tissues. Nevertheless, multichannel image provides more information at given voxel size than 

single-channel image[17], [18]. Most of segmentation techniques have relied on multi-spectral characteristics of 
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MR images while a few studies have reported segmentation form single-channel MR images[19]. Here we 

explore the segmentation using single-channel MR images. 

 

Edge is discontinuity in intensity level of image. Edges in the image represent any physical. Geometrical or non-

geometrical events. Different physical events can cause the intensity changes and hence result in an edge in the 

image. The geometrical events like object boundary, discontinuity in object surface and texture also result in the 

edge. The non-geometrical events like shadows, secularities and internal reflection also result in edge in the 

image. The separation of different tissues and regions results as edges in brain MR image result. Also, the 

abnormality within same tissue in brain MR image result in edge.  

 

Edge detection aim in identification of edges in the image by using different mathematical and 

statisticaloperations. This is achieved by detection of sharp discontinuity in the image intensity levels. The set of 

points at which this sharp discontinuity is observed results in curved or line segments known as edges. Edge 

detection is fundamental tool in different image processing, machine vision, image analysis, feature detection 

and feature extraction. 

In section II, we present the Sobel–Feldman edge detector used for detection of edges in single-channel MR 

image used in this work. In section III, we present the result of the Sobel-Feldman edge detection approximation 

of single-channel MR image for different noise levels. Here we also present the quantitative analysis of the edge 

detection approximation with different statistical and mathematical measures.These quantitative measures 

include the mathematical measures like mean square error, signal to noise ratio and peak signal to noise ratio as 

well the statistical measures like accuracy, sensitivity, specificity and F measure. In section IV, the discussion of 

the results and the different quantitative measure is presented. Finally, the research work is concluded in section 

V.  

 

II. SOBEL - FELDMAN EDGE DETECTOR 
Sobel-Feldman edge detector approximation was proposed by Irwin Sobel and Gary Feldman, colleagues at the 

Stanford Artificial Intelligence Laboratory (SAIL). Sobel and Feldman presented the idea of an "Isotropic 3x3 

Image Gradient Operator" at a talk at SAIL in 1968. It is a discrete two-dimensional differential operator used to 

emphasize and detect the gradient of the intensity function of image. The result of this operator corresponds 

either to the intensity gradient or the norm of the intensity gradient in the image. This is based on convolution of 

the image with two separable and integer valued horizontal and vertical operators, frequently known as 

masks.Given the input image I(x,y) of size m by n, where x=1,2…,n and y=1,2,…,n  are horizontal and vertical 

indices of the image[20]–[24]. 

𝑆𝐹𝑥 =  
+1 0 −1
+2 0 −2
+1 0 −1

   and 𝑆𝐹𝑦 =  
+1 +2 +1
0 0 0
−1 −2 −1

  

 

Where SFxandSFyare derivative approximation in horizontal and vertical direction respectively. They are 

separable and integer valued small filters in horizontal and vertical directions. By convolving the I(x,y) with 

GxandGywe obtain two different images with horizontal and vertical edge approximation 

 

𝐺𝑥 = I x, y ∗ 𝑆𝐹𝑥and G𝑦 = I x, y ∗ 𝑆𝐹𝑦  

 

Where * is the convolution operator and GxandGy are the horizontal and vertical edge approximations 

respectively. The final edge image is obtained by computing the gradient approximation with equation: 

 

𝐸 𝑥, 𝑦 =   𝐺𝑥
2 + 𝐺𝑦

2 

 

The resulting image E(x,y) is known as Sobel-Feldman Edge approximation of original image I(x,y). Due to the 

separable, integer valued and small size nature of this edge detection approximation, it is relatively inexpensive 

in computations. Also it produces significant behavior in the high frequency and sharp discontinuity intensity 

variation in the image. Although the formulation of Sobel-Feldman edge detector approximation generally used 

form two dimensional images, this edge detector approximation can be further extended to other higher 

dimensions in case we have the higher dimensional image for the purpose of multi-dimensional edge 

detection[12], [20], [29], [21]–[28]. 
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III. RESULTS 
As the interest in computer-aided, quantitative analysis of medical image data is growing, the need for 

validation of such techniques is also increased. For the solution of validation problem, Simulated Brain 

Database (SDB) is available [30]. The Simulated Brain Database contains a set of realistic MRI data volumes 

[31]produced by a MRI simulator[32]. This data set is used in our work to evaluate the performance of the tissue 

classification algorithms in a setting where the truth is known [33]. The detail about the noise used in our work 

for analysis is described in [30]–[33].  Table 1 represents the Original MR Image, Sobel-Feldman Edge 

approximation with respective Noise Level in Percentage. Here, first column represents different noise levels in 

the percentage, the second column represents the single-channel MR image with the respective noise level from 

column 1. The third column represents the Sobel-Feldman Edge approximation for the MR image in the second 

column. 

 

 
Noise 

Percentage 

Original 

MR Image 

Sobel-Feldman 

Edge approximation 

0 

  

1 

  

3 

  
Noise 

Percentage 

Original 

MR Image 

Sobel-Feldman 

Edge approximation 



Quantitative Analysis of Sobel-Feldman Edge Detector for Brain Tissue Segmentation in Single- 

www.ijceronline.com                                                  Open Access Journal                                                 Page 52 

5 

  

7 

  

9 

  

Table 1Original MR Image, Sobel-Feldman Edge approximation with respective Noise Level in 

percentage. 

 

After obtaining the confusion matrix for any classification experiment result, we have the True Positive (TP), 

True Negative (TN), False Positive (FP) and False Negative (FN), which are the number of counts in respective 

class. The confusion matrix for the classification Problem is shown in Table 2. 

 

The True Positive Rate or Sensitivity is defined as 

Sensitivity = TPR =
TP

TP + FN
 

 

The True Negative Rate or Specificity is defined as  

Specificity = TPR =
TP

TP + FN
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Table 2 Confusion Matrix for the Classification 
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The Accuracy is defined as 

 

Accuracy =
TP + TN

TP + TN + FP + FN
 

The F Measure is defined as 

 

F Measure =
2TP

2TP + FP + FN
 

 

The Mean Square Error (MSE) is defined as 

 

MSE =
 Image − Approximation 2

Total Number of Elements in Image
 

 

The Signal to Noise Ratio (SNR) is defined as 

 

SNR = 10log10  
Image Power

Noise Power
  

 

The Peak Signal to Noise Ratio (SNR) is defined as 

 

PSNR = 20log10  
2𝑁𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝐵𝑖𝑡𝑠𝑖𝑛𝐼𝑚𝑎𝑔𝑒 − 1

 𝑀𝑆𝐸
  

The L2 Norm Ratio is defined as 

 

L2 Norm Ratio =
 𝐴𝑝𝑝𝑟𝑜𝑥𝑖𝑚𝑎𝑡𝑖𝑜𝑛𝐼𝑚𝑎𝑔𝑒 2

 𝐼𝑚𝑎𝑔𝑒 2
 

Above mentioned measures are computed for the single-channel MR images and respective Sobel-Feldman edge 

detector approximations in Table 1. The noise Vs measures are potted in the following figures. 

 

 
Figure 1 Noise Level in Percentage Vs Accuracy for the Sobel-Feldman Edge approximation 

 

 
Figure 2 Noise Level in Percentage Vs Specificity for the Sobel-Feldman Edge approximation 
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Figure 3 Noise Level in Percentage Vs Sensitivity for the Sobel-Feldman Edge approximation 

 

 
Figure 4 Noise Level in Percentage Vs F measure for the Sobel-Feldman Edge approximation 

 

 
Figure 5 Noise Level in Percentage Vs MSE for the Sobel-Feldman Edge approximation 

 

 
Figure 6 Noise Level in Percentage Vs SNR for the Sobel-Feldman Edge approximation 
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Figure 7 Noise Level in Percentage Vs PSNR for the Sobel-Feldman Edge approximation 

 

 
Figure 8 Noise Level in Percentage Vs L2 Norm Ratio for the Sobel-Feldman Edge approximation 

 

Figure 1 represents the noise level in percentage vs accuracy for the Sobel-Feldman edge approximation. Figure 

2 represents the noise level in percentage vs specificity for the Sobel-Feldman edge approximation.  Figure 3 

represents the noise level in percentage vs sensitivity for the Sobel-Feldman edge approximation. Figure 4 

represents the noise level in percentage vs F measure for the Sobel-Feldman edge approximation.  Figure 5 

represents the noise level in percentage vs MSE for the Sobel-Feldman edge approximation. Figure 6 represents 

noise level in percentage vs SNR for the Sobel-Feldman edge approximation. Figure 7 represents the noise level 

in percentage vs PSNR for the Sobel-Feldman edge approximation. Figure 8 represents the noise level in 

percentage vs L2 norm ratio for the Sobel-Feldman edge approximation. The exploration of these results is 

discussed in the section IV. 

 

IV. DISCUSSION 
The Sibel-Feldman edge detection approximation detects the edges in single-channel MR image in different 

noise levels. As the noise level increases the detected edges are not continuous line segments instead they are 

isolated small pixel group appearing as small edge like structures. These small structures are appearing high 

number as the noise level increases. This small edge like structures causes most of quantitative measures 

mislead toward results. Due to these, the accuracy of the Sobel-Feldman approximation increases as the noise 

level in the single-channel MR image increases. The specificity of the Sobel-Feldman approximation decreases 

as the noise level in the single-channel MR image increases. The sensitivity of the Sobel-Feldman 

approximation increases as the noise level in the single-channel MR image increases. The F measure value of 

the Sobel-Feldman approximation increases as the noise level in the single-channel MR image increases. The 

MSE of the Sobel-Feldman approximation decreases as the noise level in the single-channel MR image 

increases. The SNR of the Sobel-Feldman approximation increases as the noise level in the single-channel MR 

image increases. The PSNR value of the Sobel-Feldman approximation increases as the noise level in the single-

channel MR image increases. The L2 Norm Ratio of the Sobel-Feldman approximation decreases as the noise 

level in the single-channel MR image increases.  
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V. CONCLUSION 
This paper presented the research work of quantitative analysis Sobel-Feldman edge detector approximation for 

brain tissue segmentation in single-channel MR image. The quantitative analysis was performed on different 

noise levels in the single-channel MR image for brain tissue segmentation. The effect of noise present in the 

single-channel MR image is measured on different quantitative measures. These quantitative measures include 

the mathematical measures like mean square error, signal to noise ratio and peak signal to noise ratio as well the 

statistical measures like accuracy, sensitivity, specificity and F measure. The proper selection of measure can 

give comparative results for detection of edge approximation in single-channel MR image for tissue 

segmentation. 
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