
University of New Mexico

An Innovative Neutrosophic Combinatorial

Approach Towards the Fusion and Edge Detection

of MR Brain Medical Images

Premalatha Rathnasabapathy1,∗ and Dhanalakshmi Palanisami1

1Department of Applied Mathematics, Bharathiar University, Coimbatore-641046, TN, India.

E-mail: dhanamath@buc.edu.in
∗Correspondence: premalatha.appliedmaths@buc.edu.in

Abstract. This research proposes the idea of implementing an innovative mechanism to detect the edges in

distinct MR brain medical images based on the aspect of Neutrosophic sets (NSs). NS-based entropy is one

of the emerging tools to procure a neutrosophic image from the crisp image. Followed by the aforementioned

procedure, fusion has been done for the neutrosophic image in order to acquire fused neutrosophic images

(FNI) then the FNI’s are again regenerated to form a fused crisp image. Later, the Bell-Shaped (BS) function

and the Sobel operator works on the FNI to obtain a combination of three subsets. After determining the

neutrosophic subsets, various entropies such as Norm, Threshold, Sure, and Shannon act on it to provide

their threshold values, and the computed subsets along with thresholds are incorporated to produce a new

binarized image. Subsequently, morphological operations were implemented to construct the image edges. The

resultant images with different entropies are compared by using the performance measurement factors. Based

on the measurement factors, the proposed Norm entropy image edge detection innovations have proven to be

an efficient tool with reference to other entropies. In addition, the Norm entropy-based proposed method was

compared with some of the other existing edge detection methods inclusive of Sobel, Chan, Tian, and Wu. FOM

and PSNR factors have been applied to estimate the results of edge detection achieved through five distinct

methods. The findings confirmed that the implementation of the proposed object edge detection mechanism is

much stronger compared to other existing methods.
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—————————————————————————————————————————-

1. Introduction

Over the past few decades, two key applications such as image fusion and segmentation have

become much clearer and they are significant in the field of image processing and computer
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vision, see references [1, 2] for more details. Nowadays, a substantial number of analytically

validated image fusion and segmentation, that have been applied to fuse and segment the

image objects, and also have been defined to eliminate the noise and its related uncertainty

factors. In general, the scheme of fusion is characterized into three parts such as feature, pixel,

and decision level. One of the fusion methods is, every pixel of the source images is summed

and takes the average then gets the fused image, this algorithm gives the lower performance.

So, various types of multi-resolution transform appeared to deal with this problem and they

are employed in image fusion. Many image fusion schemes are available, but some schemes are

frequently handled, they are spatial fusion, transform fusion, contourlet transform, gradient

pyramid, Laplacian pyramid, MSVD, wavelet transform, curvelet transform, etc. The image is

fused by the notion of SVD called singular value decomposition that execution is more similar

to wavelets. The MSVD based image fusion has been viewed as a faster performance than

approximated SVD, see the reference [3] for further details.

Edge detection is a kind of crucial step in the human visual system and image analysis,

which is the wild development research area in image processing. The edge detection process

substantially alleviates the amount of information because it divides the meaningful data and

shields the foremost geometric features. To illustrate the object edges, the object data is per-

formed by either analog / digital computation. The edge is noted as a significant local change

in the intensity of the image. In general, the edge is correlated with pixel discontinuity and it

occurs between distinct gray level regions of the image. It should be noted that many Gradient

and Laplacian operators such as Roberts [4], Canny [5], Prewitt [6], Sobel [7], and others, have

been presented for classical edge detection. And these operators based edge detection meth-

ods are listed as follows: (a) Cellular Automata [8] (b) particle swarm optimization (PSO) [9]

(c) Wavelet [10], (d) Anisotropic Gaussian Kernels (AGK) [11], (e) Ant colony optimization

(ACO) [12]. Besides, the swarm intelligence-based ACO algorithm has been offered by Dorigo

et al. and it was motivated by the universal collective behavior of ants in the present environ-

ment [13], an important method derived from the development of ACO modifications. Zhang

et al. suggested topology-preserving 3D image segmentation based On hyperelastic regulariza-

tion [14]. The authors Liu and Li [15] recommended a fabric defect detection technique based

on the aspect of low-rank decomposition with structural constraints. Further information on

edge detection method through active contour without edge has also been available in the lit-

erature [16]. In addition, new edge detection approaches have been published in peer-reviewed

journals [17]. The main limitations of the edge detection algorithms include illumination sen-

sitivity, noise sensitivity, and unadjusted parameters, according to [18, 19]. Hence, there are

distinct edge detection methods that have so far been framed to reduce the limitations of the

aforementioned edge detection approaches while maximizing their enforcement [20]. Methods
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of edge detection based on the fuzzy notion, which have some difficulties in the formation

of fuzzy rules. The use of NS-based edge detection helps to alleviate these issues. Just a

few works are done in NS based framework and it exposes the originality of the current re-

search. Therefore, the goal of this research is to contribute to future studies that use NS for

segmentation and edge detection.

In this continuation, the Neutrosophic Set (NS) was discovered by the premise of Neutroso-

phy theory and it was first introduced by Florentin Smarandache in the year 2003 [21]. With

the help of the NS approach, the origin, scope, and nature of neutralities are discussed. NS is

a new philosophical branch [22] and it is a recent method that successfully addresses the prob-

lem of vagueness and indeterminacy in circumstances [23] such as biomedical, stock exchange,

weather, law, and so on. Hence, the NS domain act as a decision support system in order to

overcome the limitations of vagueness. Nonetheless, the neutrosophication functions and their

application by MATLAB were recommended by the authors, Bakro et al. [24]. Meanwhile, the

same authors offered the neutrosophic method to digital images in their paper [25]. However,

NS has been applied successfully in a wide range of domains, including filtering, image pro-

cessing, segmentation, edge detection, and so on. For remarkable efficiencies in the analysis of

neutrosophic information, neutrosophic-based edge detection of medical images is a specialized

area of research.

In the literature, only a few works can be obtained from the premise of NS-based segmenta-

tion technique [26], which is a popular segmentation methodology for obtaining indeterminate

situations of the images, where the indeterminacy of the image is approximated by distur-

bances like noise, low quality of an image, and so on. This method leads to the problem of

uncertainties and inconsistent information. According to [27], the authors used Chan-Vese

approaches and NS to segment the images. Dhar and Kundu [28] utilized the two concepts

like NS and digital shearlet transform (DST) to segment (text region) the images. Antera and

Hassenian (2018) [29] designed an NS segmentation framework for CT liver tumors by using

the fast fuzzy C-means algorithm (FFCM) and particle swarm optimization (PSO). We were

able to obtain a better CT image with less noise by using NS-based pre-processing. Guo et al.

(2017) [30] demonstrated the new method to identify the myocardial contrast of the myocardial

echocardiography in the left ventricle and the method is computed by combining two strate-

gies such as active contour method and neutrosophic similarity score. Besides that, employing

chest X-ray images, Yasser et al [31]. developed a hybrid automated intelligent COVID-19

classification based on Neutrosophic logic and machine learning approaches. Singh, after that,

proffered a multiple thresholding technique depending on type-2 neutrosophic entropy-fusion

for the classification of brain tumor tissue structures [32]. Following that, Dhar [33] described
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a technique for accurately sectioning multi-class images using weak continuity constraints and

a neutrosophic set.

In addition, Mehrdad et al. [34] formed a new framework and it is applied in the liver

dome in which the liver is automatically detected by utilizing the random walker method.

The authors of [35] devised a multi-atlas extraction method for fast automated (with/without

abnormality) liver image segmentation from computational tomography angiography (CTA)

and this method contains the local decision fusion. Platero et al. [36] constructed a unique

segmentation process, it is to extract the liver image from a CT scan, where the process is

formed by the combination of an affine probabilistic atlas, low-level operations, and a multi

atlas-based segmentation. Li et al. [37] presented the automatic 3D (liver) object extraction

procedure, which is to divide the Object and Background of the image via the concept of

convolution neural network and the graph cut. In [38], the author proposed the thyroid

nodule segmentation process and it is fundamentally based on the perspective like level-sets

and spatial information with clustering. Further, Salah et al. [39] suggested a new method

based on the convolutional neural network for human skin detection.

On the other hand, MR image analysis has become a remarkable research field due to the

rapid advancement in computer vision and image analysis techniques. However, due to the

presence of objects that are inconsistent with their edges and textures, it is necessary to de-

velop a method of recognition and vision for MR images but it is complicated. In order to

address this issue, many researchers are now focusing their greater efforts on the separation

approach. The varying distribution of gray level pixels can be applied to distinguish various ar-

eas (i.e., gray matter, white matter, and cerebrospinal fluid) of the MR image separation. The

MR image separation has gone through various incarnations since its advances. In addition,

extraction of gray matter into the spine, Datta et al. [40] a threshold-based technique (TBT)

is furnished, that is primarily based on the morphological geodetic active contour (MGAC)

technique. Taheri et al. [41] advised TBT for extracting the tumor, which has been based

on the technique in a level set. The authors [42] recommended an automated and adaptive

technique for extracting the MR image of the liver vessels. For the past few decades, MR

image analysis is not examined in terms of NS theory.

Inspired by the before talks and compared to the present research accomplishments, the

great contributions of this study are suggested by being given at the upcoming points.

(1) As a first attempt, the NS-based edge detection system is framed in this research article

for images with not only noises but also unstable situations. The concept of NS, NS-

based entropy, and the fusion rule were combined in the design of NS to create a new

fusion mechanism.
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(2) A new powerful edge detection methodology for finding edges in the fused images is

elaborated in a supervised manner, and it ensures the rejection of disturbances inclusive

of noise and unstable information. The proposed NS-based edge detection method can

be easily implemented, and it has the amount of truth, false and indeterminant degrees

that is simply obtained through a combination of Bell Shaped (BS) function, Sobel

operator, and Neutrosophic Theory.

(3) The resulting subsets are changed into the form of binary using the threshold values

and these values of threshold are calculated by applying different entropies such as

Norm, Threshold, Sure, and Shannon. Applying the morphological operations on the

generated images, then acquire the edge detected images.

(4) For the experimental purposes, distinct performance measurement factors such as FOM

and PSNR are employed. Ultimately, the statistical values, including comparative

research, are provided to reveal the efficacy of the Norm entropy-based image edge

detection scheme introduced in this work.

(5) Additionally, the aforementioned method has been compared to some of the methods

found in the literature via Sobel [7], Tian [13], Chan [16], and Wu [18]. As a result,

these process activities demonstrated the reliability of the industry and the systematic

superiority of the proposed method.

The scheme of the research paper is arranged below. Section 2 gathers the theoretical back-

ground of NS, which consists of some subsections such as Basics of neutrosophy, Preprocessing,

Neutrosophic image fusion, and Neutrosophic edge detection. Section 3 presents the perfor-

mance measurement factors. Section 4 describes the statistical findings of the present work

in terms of NS-based edge detection of different images. Lastly, numerous closing quotes are

briefly showed in the final section.

2. Theoretical Background

2.1. Basics of Neutrosophy

Smarandache [21] firstly initiated the new idea of neutrosophy motivated by the aspect of

philosophical precedence, which simultaneously separates each concept from a certain degree

of truth, falsity, and indeterminacy. Since, neutrosophy has laid solid foundations for new

mathematical theories such as NS, neutrosophic probability, neutrosophic logic, and neutro-

sophic statistics. In this, each statement is evaluated as belonging to the amount of true subset

T , false subset F , and indeterminant subset I, respectively. The NS holds some sets like the

dialetheist set, paraconsistent set, fuzzy set, tautological set, and intuitionistic fuzzy set. In a

multidisciplinary way, NS has solved many problems. Further, neutrosophic logic delivers the
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structure of neutrosophic connectives such as conjunction, negation, and disjunction. Further-

more, the neutrosophic images are mathematically formulated and it is being shown in the

upcoming part of the research article.

Moreover, MR brain changes can be noticed in terms of gray matter, white matter, and

cerebrospinal fluid. The before-mentioned changes are extremely imprecise and cannot be

exactly specified at the idea of probability computation. Since NS theory can be recognized as

a suitable approach. This explains some of the ambiguities and these ambiguities correlated

with the MR images can be represented with three distinct membership degrees. In this, MR

brain image is split into three subsets respectively, T , F , and I in the NS domain. The subset

T specifies the image object, the subset F describes the image background and the subset I

refers to the image edge. Figure. 1 exhibits the flow diagram of the NS-based image edge

detection process. In Figure. 1, the test image can be initially transferred to grey scale form,

then the gray image is processed (removing disturbances) by employing a median filter. As a

result, the filtered image is changed into the NS domain (partitioned into T , F , and I subsets).

Later, NS-based entropy is implemented on these subsets to create a new image. Moreover, the

gained image is decomposed into the blocks and applies the fusion rule to form a neutrosophic

fused image. Then the obtained image is processed by edge detection. In the flow chart 1, the

object having the edges is gained at the final stage.

2.2. Preprocessing

The initial image (original) changes to a grayscale domain by using direct Matlab code and

then it is drained by applying a median filter (MF). MF is a noise removal approach that helps

to eliminate the disturbances in the image and gives exclusive results in the image segmentation

process. This offers a superior noiseless edge detected image during the segmentation process.

Additionally, it protects the features of the edges in the image. More number of filters were

available in the literature but this study preferred MF, because of the simplest one and it

yields good results in our edge detection mechanism.

2.3. Neutrosophic image fusion

To employ NS design for image processing, the image must be converted to a neutrosophic

field. Particularly, we expand an NS-based image processing system that selects three degrees

via., one for the T and the others F and I. They are degrees of truth, false and indeterminate

subsets respectively. In consequence, a test image (TI) whose length is specified by the symbol

‘l’and the width is symbolized by ‘w’. Each image element TI(l, w) in the image is reset by

a neutrosophic field design [21], and that can be visualized by the following format: TINS =

{T (l, w), F (l, w), I(l, w)} or TINS = TI(t, f, i), where the image element t indicates the true
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Figure 1. Flowchart of the proposed mechanism
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subset, f mentions the false subset and i refers the indeterminate subset. Here, t differs in

the white pixel set T , f varies in the black pixel set F and i fluctuate in the noise pixel set I.

These are described as follows:

T (l, w) =
G(l, w)−Gmin

Gmax −Gmin
(1)

F (l, w) = 1− T (l, w) (2)

I(l, w) =
√
T (l, w)2 + F (l, w)2 (3)

In equ (1), the notations Gmax, Gmin, respectively depicts the maximum and minimum val-

ues of the image (TI) also the symbol G(l, w) indicates the (l, w)th gray level of the test image.

Then, each image element (l, w) belongs to the image (TI), which can then be defined as NS us-

ing the aforementioned equation. For this depiction, the maximum and minimum values from

the gray level G in the image (TI) are applied, and they can be derived from Gmin and Gmax.

The main benefit of those received formulas is that they can control truth, false, and indeter-

minate subsets between the ranges 0 and 1. Combining the previously obtained neutrosophic

components (T , F , and I) can provide complete information about inherited uncertainty at

the problem space. Now, the entropy can be applied to compute an inherited ambiguity in

indefinite circumstances. If such ambiguities are reported using NS, their estimation is also

achievable from entropy. The neutrosophic entropy information (NEI) function [43] is used for

this specific purpose, which can determine the values of each Neutrosophic Information (NI)
entropy and it is illustrated as follows.

The function ENT(NI) : ENT(NI)→ [0, 1] is known as NEI of an NI, it can be signified by

the following design

ENT(NI) = 1− 1

3

∑
l,w∈G

(T (l, w) + F (l, w) + I(l, w))× E1E2E3 (4)

Where, E1 = |T (l, w) − T c(l, w)|, E2 = |F (l, w) − F c(l, w)|, E3 = |I(l, w) − Ic(l, w)|, T c =

F (l, w), F c = T (l, w) and Ic = 1− I(l, w).

2.3.1. NS-based image fusion algorithm

The image fusion algorithm is drawn by the notion of NS [21], which is augmented by the

upcoming steps.

(1) The representation of two test images given by TI1 and TI2. These test images have

L levels of grayness and G(l, w) is the intensity of the image element at the particular

position (l, w), where the (l, w) varies from 0 to 255. The test images can be written
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in the following matrix design.

TI1 =


G(1, 1) G(1, 2) · · · G(1, w)

G(2, 1) G(2, 2) · · · G(2, w)
...

...
. . .

...

G(l, 1) G(l, 2) · · · G(l, w)

 (5)

Here, ‘l′ and ‘w′ signifies the length and width of the test image TI1 and ∀G(l, w) ∈ TI1.
This formation is same for test image TI2.

(2) At first, each image element (∀G(l, w)) of the test images characterized individually

in NI format (this contains true, false and indeterminate degrees) that can be mathe-

matically encoded as NI(l, w), which is defined by the following matrix form.

TI(NI) =


〈T (1, 1), F (1, 1), I(1, 1)〉 〈T (1, 2), F (1, 2), I(1, 2)〉 · · · 〈T (1, w), F (1, w), I(1, w)〉
〈T (2, 1), F (2, 1), I(2, 1)〉 〈T (2, 2), F (2, 2), I(2, 2)〉 · · · 〈T (2, w), F (2, w), I(2, w)〉

...
...

. . .
...

〈T (l, 1), F (l, 1), I(l, 1)〉 〈T (l, 2), F (l, 2), I(l, 2)〉 · · · 〈T (l, w), F (l, w), I(l, w)〉


(OR)

TI(NI) =


NI(1, 1) NI(1, 2) · · · NI(1, w)

NI(2, 1) NI(2, 2) · · · NI(2, w)

...
...

. . .
...

NI(l, 1) NI(l, 2) · · · NI(l, w)



(6)

(3) Thereafter, each NI(l, w)th values of test images TI1 and TI2 are assessed by the fun-

damental concept of NEI function in equ (4) and it is generally notified by the symbol

is ENT(NI(l, w)), then their matrix representation is given in the upcoming equation

ENT(NI) =


ENT(NI(1, 1)) ENT(NI(1, 2)) · · · ENT(NI(1, w))

ENT(NI(2, 1)) ENT(NI(2, 2)) · · · ENT(NI(2, w))
...

...
. . .

...

ENT(NI(l, 1)) ENT(NI(l, 2)) · · · ENT(NI(l, w))

 (7)

(4) The entropy values in the above matrix ENT(NI(l, w)) for the test images TI1 and TI2
are decomposed into p × q blocks. In general, the mth blocks of decomposed images

are specified by the variables TINS1m and TINS2m respectively.

(5) Evaluate the sum of amount of whiteness and blackness of the two associated blocks.

(6) Each block is combined with each other with the help of the following fusion rule

TINSm(l, w) =


min{TINS1m(l, w),TINS2m(l, w)}, if count(blackness)¿count(whiteness)

max{TINS1m(l, w),TINS2m(l, w)}, if count(blackness)¡count(whiteness)

TINS1m(l,w)+TINS2m(l,w)
2 , otherwise

(8)

Here, max & min in equ (8) indicate the maximum and minimum actions on the NS

domain images respectively.
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(7) The gained blocks are re-modeled to an image, then attain a fused neutrosophic image

without ambiguities.

(8) In the previous step, the neutrosophic image was discovered, and then the image was

regenerated to the crisp format (IFused), by applying the reverse function of Equ (1).

2.4. Neutrosophic Edge detection

2.4.1. The procedure for finding T and F subsets

By introducing the design of bell-shaped function (BS-function), which acts as a suitable

and a virtual soft computer tool for addressing the brightness level of the gray image, hence

studies of BS-function are growing rapidly in many realistic areas [27]. Here, the BS-function is

employed to fused image (IFused), as a result of T subset is found out. According to the design

of BS-function, the mathematical formulation of neutrosophic T subset is explored below.

T (l, w) = π(IFused(l, w), b1, b2, b3, b4)



0 if 0 ≤ IFused(l, w) ≤ b1

(IFused(l,w)−b1)2
(b4−b1)(b4−b1) if b1 ≤ IFused(l, w) ≤ b2

1− (IFused(l,w)−b2)
(b4−b3)(b4−b3) if b2 ≤ IFused(l, w) ≤ b3

(IFused−b4)2
(b4−b3)(b4−b3) if b3 ≤ IFused(l, w) ≤ b4

0 if IFused(l, w) > b4

(9)

F (l, w) = 1− T (l, w) (10)

Where IFused(l, w) denotes the grayness of (l, w)th pixel of the fused image IFused. The input

parameters b1, b2, b3 and b4 of the BS-function computes the shape of the function. The action

of the BS-function is shown in Algorithm 1.

Obtaining b1, b2, b3 and b4 Parameters: The parameters b1, b2, b3 and b4 are to be

computed by employing a histogram based method as explored below:

(1) Compute the histogram of the (IFused) fused image.

(2) Obtain local maxima of the histogram

IFusedmax(g1), IFusedmax(g2), IFusedmax(g3), ..., IFusedmax(gn).

(3) Obtain the mean of local maxima

IFusedmax =

( N∑
i=1

IFusedmax(gi)

)
/N

(4) Evaluate (peak values ¿IFusedmax) then

b2 ← First peak value

b3 ← Last peak value
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Algorithm 1 BS-Function Algorithm

1: if 0 ≤ IFused(l, w) ≤ b1 then

2: T (l, w)← 0

3: else if b1 ≤ IFused(l, w) ≤ b2 then

4: T (l, w)← (IFused(l,w)−b1)2
(b4−b1)(b4−b1)

5: else if b2 ≤ IFused(l, w) ≤ b3 then

6: T (l, w)← 1− (IFused(l,w)−b2)
(b4−b3)(b4−b3)

7: else if b3 ≤ IFused(l, w) ≤ b4 then

8: T (l, w)← (IFused(l,w)−b4)2
(b4−b3)(b4−b3)

9: else if IFused(l, w) > b4 then

10: T (l, w)← 0

11: end if

12: end if

(5) Find out the standard deviation (std) of the fused image

std =

(
1
N

N∑
i=1

(IFused(i)− If )2
)1/2

, where If = 1
N

N∑
i=1

IFused(i)

(6) Obtaining the values of b1 and b4 are given below

b1 ← b2 − std
b4 ← b3 + std.

2.4.2. The procedure for finding I subset

The neutrosophic subset I was determined by utilizing Zhang et al. [11] method. One of

the significant research domains is Homogeneity (homo) because it plays a vital role in edge

detection schemes, and it is correlated with local information. In some situations like back-

ground transitions, color transitions, and edge regions, this domain (homo) value is increased.

Algorithm 2 refers to the process for determining the I subset. The homo consists of two

main parts such as standard deviation (std.div) and the discontinuity (dis) of the gray level

pixels. The std.div is one of the most effective methods for representing the contrast level of

the pixels, whereas the changes in the gray pixels are symbolized in dis. The std.div and dis

are enumerated at beginning of algorithm 2. The edge values are illustrated by utilizing the
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dis of the pixel (l, w). The Sobel operator is a frequently used system to provide dis of a pixel

in the image due to its appropriateness.

Algorithm 2 The process of obtaining the I subset

1: Determine the each coordinate pixel (l, w)th std.div of the IFused image is given by

std.div(l, w) =

√√√√√√√√
l+(D−1)/2∑

p=l−(D−1)/2

w+(D−1)/2∑
q=w−(D−1)/2

IFused(l, w)−

l+(D−1)/2∑
p=l−(D−1)/2

w+(D−1)/2∑
q=w−(D−1)/2

IFused(l,w)

D2


2

D2

(11)

2: Illustrate every pixel coordinate (l, w)th dis of the IFused image by applying the Sobel

operator, which is given below

dis(l, w) =
√
G2

x +G2
y (12)

where, Gy and Gx indicates the vertical and horizontal derivatives.

3: Find out the homo(l, w) of each pixel coordinate (l, w) of the IFused and it is represented

as

homo(l, w) = 1− std.div(l, w)

max(std.div)
× dis(l, w)

max(dis)
(13)

4: Compute the indeterminant subset I(l, w) of the IFused image and it is defined by

I(l, w) = 1− homo(l, w) (14)

2.4.3. Finding binarized T , F and I Subsets

The computed subsets T , F , and I (previous step) are in the grayscale domain, hence

the subsets are transformed into a binarized form (Black and White image) by employing

the threshold values. The thresholds are an important and main kind of tool in segmentation

schemes and they perform automatically and spontaneously in image processing. The threshold

values are directly determined by the following entropies.

Implemented entropy types:

In our segmentation process, some specific entropies are considered to estimate the threshold

value within the subsets T , F , and I. Then, the edge detection assessment is tested in terms

of selected entropies. The implemented entropies are namely Norm, Threshold, Sure, and

Shannon. The mathematical design of these entropies is displayed in the upcoming points.

(1) Norm Entropy= 1
L×W

L∑
l=1

W∑
w=1
|T (l, w)|p, where 1 ≤ p < 2
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(2) Threshold Entropy= 1
L×W

L∑
l=1

W∑
w=1

Thres(l, w) = 1 if |T (l, w)| > ε

Thres(l, w) = 0 if |T (l, w)| ≤ ε
, where ε is a pos-

itive threshold value.

(3) Sure Entropy= 1
L×W

L∑
l=1

W∑
w=1

Sure(l, w) = min(T 2(l, w), ε2), if |T (l, w)| ≤ ε

Sure(l, w) = 0, otherwise
, where

ε is a positive threshold value.

(4) Shannon Entropy= −1
L×W

L∑
l=1

W∑
w=1

T 2(l, w).log2(T
2(l, w))

The same points are repeated in the remaining subsets F and I to get all threshold values

of the subsets T, F , and I. The variables Object, Edge and Background are received in this

step. The process of these variables is depicted in Algorithm 3. In this segmentation analysis,

the respective parameters Tt, Ff , and Ii are implemented for Object, Edge and Background

variables to be acquired. The threshold values of the parameters Tt, Ff and Ii are determined

with the help of neutrosophic subsets (T , F , I) and before mentioned four entropies. Sub-

sequently, the IFused image is divided into three sub-images namely Object, Background and

Edge by using the calculated thresholds. The achieved sub-images are combined with each

other to get a new IBinary image, which returns the 0 (Black), 1 (White) values from the

image.

2.4.4. Edge detection process

Edge detection is accomplished by using the images IFused and IBinary. The scheme of edge

detection is expressed in Algorithm 4. Morphological operations were achieved on the image

IBinary then the edge of the image is acquired. Further, the obtained edges are reassigned to

the variable IEdge. Ultimately, to earn a new edge detected image IED, the IEdge is exaggerated

in the fused image, and its edges are detected.

3. Performance measurement factors

In this research, performance measurement factors such as Figure of Merit (FOM), Peak

Signal to Noise Ration (PSNR) were taken into account, which was applied to find the success

of the edge detection method. The FOM [44] is computed using the given form

FOM =
1

max(NED, NEA)

NED∑
i=1

1

1 + dm2(i)
(15)

Here, the symbols NED and NEA denote the number of detected edge pixels by the edge detec-

tion method and actual edge pixels. The notations m(i) and d respectively denote the closest

distance to the actual edge and scaling constant. The FOM value is directly proportional to

the quality of the discovered edges. Although the FOM result fluctuates between 0 and 1, the

efficiency of edge detection is much better if the above value meets 1.
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Algorithm 3 Edge detection process

1: If (T (l, w) ≥ Tt AND I(l, w)¡Ii)

2: Object(l, w) ← true

3: else

4: Object(l, w) ← false

5: end

6: If (T (l, w) ¡ Tt OR F (l, w)¡Ff) AND I(l, w) ≥ Ii)

7: Edge(l, w) ← true

8: else

9: Edge(l, w) ← false

10: end

11: If (F (l, w) ≥ Ff AND I(l, w)¡Ii)

12: Background(l, w) ← true

13: else

14: Background(l, w) ← false

15: end

16: If (Object(l, w) OR Edge(l, w) OR Background(l, w))=true

17: IBinary(l, w) ← true

18: else

19: IBinary(l, w) ← false

20: end

Algorithm 4 Edge detection algorithm

1: IDilation ← Image dilation activation IBinary

2: IFill ← Fills the internal gaps on the (IDilation) image

3: IClear ← Extract the connected objects on the (IFill) image

4: ISkeleton ← Identify the skeleton image (IClear)

5: IEdge ← Determines the complement of the (ISkeleton) image

6: IED ← Fused image (IFused)

7: [Length Width] ← Computes the (IEdge) image size

8: for l=1:Length

9: for w=1:Width

10: if IEdge(l, w) ← 0

11: IED(l, w, 1) ← 255

12: IED(l, w, 2) ← 0

13: IED(l, w, 3) ← 0

14: end

15: end

16: end
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On the other hand, PSNR [45], which was recommended by the author Pratt, is a remarkable

factor in evaluating the effectiveness of edge detection. Equ. (16) is the formula used to do

the PSNR analysis. PSNR is determined using the formula below.

PSNR = 10.log10

 2552

1
L×W

L∑
l=1

W∑
w=1

(NEA(l, w)−NED(l, w))2

 (16)

where L, W specifies the dimensions of the image. NEA(l, w) and NED(l, w) indicates the

(l, w)th image element of the actual edges and the detected image edges obtained by using

proposed technique. The largest value of PSNR specifies the high similarity between actual

and detected image edges. If the PSNR reaches its minimum, then the similarity will be

reduced.

4. Experimental results

In this section, different test images of MR brain were considered for our experiment and

are aligned in the proper manner as displayed in Figure. 2. The MR brain medical images

were gathered from the link address http://www.med.harvard.edu/AANLIB/home.html. The

medical images of MR brain (Figure. 2 (A) and 2 (B)) are provided for the purpose of fusion

by the proposed fusion technique, and then the fused image result is given in the Figure. 3

(A). The another MR brain images (Figure 2 (C) and 2 (D)) are utilized for the proposed

fusion technique and their fused result is presented in the Figure. 3 (B). Similarly, the fusion

results of remaining MR brain medical images (Figure 2 (E) - (F), Figure 2 (G) - (H) and

Figure 2 (I) - (J)) from the proposed NS-technique were shown in Figure. 3 (C) - 3 (E).

(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Figure 2. Test images of medical MR brain
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(a) (b) (c) (d) (e)

Figure 3. Fusion results of medical MR brain images

Norm
Results

Threshold
Results

Sure
Results

Shannon
Results

Figure 4. Edge detection of fused image 3(A) using different entropies

4.1. Entropy performance test

To examine the achievement of edge detection for the Norm entropy used in the proposed

method, which was compared with some other entropies in NS-based edge detection methods

including Threshold, Sure, and Shannon. During this manner, five fused images that are tough

to find on the edge are applied. In the initial method analysis, the first fused image of MR
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Threshold
Results

Norm
Results

Sure
Results

Shannon
Results

Figure 5. Edge detection of fused image 3(B) using different entropies

Table 1. The edge detection results for fused images by using FOM

and PSNR analysis.

Fused Norm entropy Threshold entropy Sure entropy Shannon entropy

Images FOM PSNR FOM PSNR FOM PSNR FOM PSNR

Image-1 0.93 33.01 0.86 29.79 0.83 28.94 0.90 31.16

Image-2 0.96 34.20 0.92 32.30 0.90 31.48 0.95 33.40

Image-3 0.91 31.65 0.85 29.48 0.83 28.70 0.83 30.36

Image-4 0.95 33.88 0.91 31.06 0.88 30.52 0.93 32.50

Image-5 0.88 30.85 0.82 28.95 0.80 27.61 0.85 29.99

brain (Figure. 3 (A)) is utilized, which is then converted by a neutrosophic field in terms of

three subsets by applying the BS-function and Sobel operator. Then, the subset thresholds of

fused MR brain image are calculated by implementing the above four entropies. Further, the

subsets are to be generated in the binary form with the help of obtained thresholds for each
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Table 2. Statistical effects about edge detection results.

Norm entropy Threshold entropy Sure entropy Shannon entropy

FOM PSNR FOM PSNR FOM PSNR FOM PSNR

Minimum 0.88 30.85 0.82 28.95 0.80 27.61 0.85 29.99

Average 0.93 32.72 0.87 30.32 0.85 29.45 0.89 31.48

Maximum0.96 34.20 0.92 32.30 0.90 31.48 0.95 33.40

Threshold
Results

Norm
Results

Sure
Results

Shannon
Results

Figure 6. Edge detection of fused image 3(C) using different entropies

entropy. By using algorithm 3, the binarised subsets of each entropies were combined with

each other in order to obtain IBinary images, which are presented in the first column of Figure.

4. Furthermore, the morphological operations are executed in the obtained IBinary images,

and the detected results are also shown in the last column of the Figure. 4. In addition, the

performance measurement factors such as FOM, and PSNR were analyzed for the edge detected

images at different entropies to confirm edge detection performance. The statistical values of

the performance measurement factors with different entropies of the proposed mechanism are
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Table 3. The edge detection results for fused images by using FOM

and PSNR analysis.

Fused Sobel Method Tian Method Chan Method Wu Method Proposed Method

Images FOM PSNR FOM PSNR FOM PSNR FOM PSNR FOM PSNR

Image-1 0.89 31.41 0.90 32.29 0.92 32.45 0.93 33.50 0.95 33.88

Image-2 0.90 31.47 0.91 31.94 0.92 32.01 0.94 32.95 0.96 33.58

Image-3 0.89 30.89 0.91 31.87 0.94 33.12 0.95 33.80 0.96 34.20

Image-4 0.81 25.35 0.83 28.70 0.85 28.24 0.86 31.71 0.89 32.66

Image-5 0.86 30.11 0.87 30.43 0.88 30.88 0.91 31.36 0.93 32.92

Threshold
Results

Norm
Results

Sure
Results

Shannon
Results

Figure 7. Edge detection of fused image 3(D) using different entropies

displayed in Tables 1 - 2. From the Tables. 1 and 2 , the high-performance entropy of the

proposed edge detection mechanism is highlighted in bold characters and the tabulated values

are plotted in Figures. 10 (a)- 10 (b). At last, Table. 1 and Figure. 10 shows that the
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proposed Norm entropy in the edge detection mechanism gives the significant performance

with reference to other entropies.

Table 4. Statistical effects about edge detection results.

Sobel Method Tian Method Chan Method Wu Method Proposed Method

FOM PSNR FOM PSNR FOM PSNR FOM PSNR FOM PSNR

Minimum 0.81 25.35 0.83 28.70 0.85 29.24 0.86 31.36 0.89 32.66

Average 0.87 29.85 0.88 31.05 0.90 31.34 0.92 32.67 0.94 33.45

Maximum 0.90 31.47 0.91 31.94 0.94 33.12 0.95 33.80 0.96 34.20

Norm
Results

Threshold
Results

Sure
Results

Shannon
Results

Figure 8. Edge detection of fused image 3(E) using different entropies

Subsequently, the second fused image of the MR brain (Figure. 3 (B)) is considered for

the edge detection process. Firstly, the taken image is transferred to the domain of NS and

it includes the terms of three subsets. Subsets can be calculated using the BS function and

the Sobel operator. Each subset threshold value is determined by the concept of the different
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Sobel Method [7] Tian Method [13] Chan Method [16] Wu Method [18] Proposed Method

Figure 9. Edge detection results for different methods

entropies. Using each entropy threshold value, three subsets are generated by the form of

binary images and the resulting images are combined by using algorithm 3 and it produces the

new image called as IBinary. Each entropy of the IBinary images is exhibited in the first column

of the Figure. 5. Moreover, the computed IBinary images are processed by the morphological

operations, and the gained images are shown in the last column of the Figure. 5. Images

detected in distinct entropy are intended to confirm the effectiveness of the proposed edge

detection by the measurement factors and the statistical values of the measurement factors

that are presented in Tables. 1 - 2. The table values (Table 1 ) of FOM and PSNR are

plotted, which are given in Figure. 10 (a) - (b). Finally, the Figures 10 (a) and 10 (b) provide
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the result as a Norm entropy with the proposed approach offers higher accuracy than other

existing entropy because it offers higher FOM and PSNR values.

Figure 10. Geometric representation of FOM and PSNR analysis for

various entropies.

In this continuation, 4 distinct entropies and remaining medical MR brain images are con-

sidered for the analysis. The complete information of the previously mentioned test process is

employed in the considered images, which are presented in Figure. 2 (E) - 2 (J). At this end, 5

edge detected images were found utilizing the proposed mechanism and these images are given

in Figures. 6 - 8. In consequence, the statistical values of the measurement factors in the edge

detected images are gained under the proposed edge detection mechanism with 5 MR brain

fused images and 4 individual entropies, which are displayed in the aforementioned Tables

1 and 2. In Tables 1 - 2, the Norm entropy produces maximum values in the measurement

factors FOM and PSNR values whereas Sure entropy has the minimal FOM and PSNR values.
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Figure 11. Geometric representation of FOM and PSNR analysis for

different methods.

Then, the tabulated results (Table 1) of the remaining resultant images are also made available

in the Figures. 10 (a) - (b). Thus with the acquired results, it is evidenced that the norm

entropy provides constructive performance. While Sure entropy reveals contrast results which

have been evidenced in Figure. 10 and Tables. 1 - 2. Hence our study implicates the efficacy

of norm entropy as a sustainable tool in the edge detection process of MR brain images.

4.2. Comparative applications of the proposed and different object edge detection

methods

Norm entropy with the proposed method was compared to other existing methods which

includes Sobel [7], Tian [13], Chan [16] and Wu [18] to assess the proposed edge detection

performance. In the aforementioned methods, the edges are seen to be thicker. As a result,
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the final image was subjected to morphological operations. To examine the edge detection

efficiency, five fused images utilized in entropy analysis were applied, while the five edge de-

tection methods mentioned earlier were employed to these same images. Further, the fused

image edges are depicted in Figure 9. The proposed Norm entropy, as shown in Figure. 9, was

discovered to be the most effective edge detection method. The performance measurement

factors such as FOM and PSNR were executed to compare the real performance of detected

edges of the mentioned fused images. Table 3 also includes FOM and PSNR factor data,

which are plotted in Figures. 11 (a) - (b), respectively. The proposed method’s FOM and

PSNR factor values are superior to those acquired by the other four edge detection methods.

Moreover, statistical analysis of the FOM and PSNR outcomes earned by the five edge detec-

tion methods was performed, and these outcomes are given in Table 4. Also, in Table 4 it

can be observed that the minimum, arithmetic average, and maximum values related to the

FOM and PSNR effects achieved in the suggested method are larger than the other method.

Those effects intimate that this proposed method offers edge detection through a greater level

compared via distinct methods.

For the presented Table 2, the average values of the Norm entropy of FOM and PSNR

are 0.93 and 32.72, respectively. For these values are larger compared to the different other

entropies that can be recommended that the Norm entropy under NS improves the edge

detection efficacy. Similarly, in Table 4 given, the average values based on the proposed

method of FOM and PSNR are 0.94 and 33.45 respectively. These results are extremely high

when compared to the other methods. The most important finding from the experiment is

that the suggested method significantly outperforms other methods in detecting the object’s

edges because these effects are significantly larger when compared to other methods.

5. Conclusion

In this report, a new edge detection mechanism based on the category of the NS scheme has

been nominated. This was achieved by the frame of image fusion with edge detection. This

mechanism is capable to handle the uncertainties and indeterminant situations of the images.

First, the proposed image fusion has been found with the help of NS structure and fusion

rules. As a result, images are reproduced by the NS framework using the BS function and the

Sobel operator. The resultant images contain three subsets and their values of the threshold

are found using distinct entropies. Afterward, the computed thresholds and the subsets are

integrated and it produces a new binarised image. Morphological operations are accomplished

in the binarised image then the edges of the image are acquired. The same process acts

on each entropy and it presents several detected edges. The efficacy of this mechanism is

well established through the measurement factors. The given edge detection scheme is also

appropriately implemented when a norm entropy appears. Further, the proposed method

based on norm entropy was compared with other methods including Sobel, Chan, Tian, and

Wu. According to the statistical results of performance measurement factors such as FOM
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and PSNR, the mentioned factor values of the proposed method are greater compared to the

other existing four methods, which illustrate the superiority of the proposed mechanism.

In future research, the neutrosophic set and its extensions will be further applied in medical

image processing such as image denoising, segmentation, etc.
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