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Abstract: 
            Recently biomedical imaging provides major aid in many branches of medicine; it enables and 

facilitates the analysis of biomedical images as well as providing assistance towards medical diagnoses. 

Segmentation is one of the important steps towards image analysis. Multilevel image segmentation was 

more popular in image segmentation. Otsu’s and Kapur’s based methods are most popular for multilevel 

image segmentation. Many authors implemented evolutionary algorithms for the optimal multilevel 

threshold selection based on above methods. In this paper, an efficient approach for multilevel image 

segmentation has been implemented with a novel evolutionary algorithm Backtracking Search (BSA). The 

feasibility of proposed approach and algorithm has been tested on standard bio medical images. To check 

the effectiveness of the proposed method, all experimental results are analyzed quantitatively and 

qualitatively. 
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I.     INTRODUCTION 
 

 

Thresholding is quite possibly the simplest and 

most direct method of image segmentation. It is a 

useful technique as long as the image contains 

distinct regions and the dark levels are clustered 

around distant qualities with minimal overlap. 

Additionally, it has been used to provide an 

underlying assessment or a preceding more 

perplexing division strategies (procedures based on 

snakes, level-sets, or dynamic shapes require an 

underlying division, which can be accomplished 

physically or acquired through thresholding [1,2]), 

to provide covers for areas of interest [3], and even 

to distinguish movement in reconnaissance 

conditions [4,5]. Threshold is also widely used in 

the field of clinical imaging, where images are 

created by a few tissues and their dark levels [6]. 

The path taken by these tissues or organs within the 

image is frequently more obvious than the path 

taken by articles in a typical scene image, 

necessitating the use of explicit thresholding 

procedures. 

 

Picture thresholding techniques are noteworthy, and 

several of the most widely used techniques date all 

the way back to the 1970s, for example, Otsu’s 

strategy [7,8]. 

 

In their simplest form, thresholding strategies seek 

a global limit value that amplifies the detachment 

between classes in the final result. However, 

regardless of the technique used to determine the 

separation between classes, the utilisation of a 

single hard value is known to be the source of 

significant segmentation errors when dealing with 

outrageous images, lopsided illumination, and 

delicate transitions between dark levels [9–11]. The 

primary disadvantage of this global limit approach 
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is that it is pixel-based rather than district-based, 

which implies that pixels with similar dark level 

values will always be fragmented into a similar 

class. If no availability or closed articles are 

considered, the technique is prone to deliver 

disconnected pixels. 

 

In this way, despite the fact that these issues have 

been around for a long time, they have not been 

resolved, and new methodologies are required to 

address the distinctive arrangement of signs and 

images; see some overviews of them in [9,12–15]. 

The first [9] classifies thresholding techniques into 

four fundamental categories: 

 

1. Histogram-shaped methods [7,8]. 

 

2. Methods based on clustering [16–21]. 

 

3. Methods based on entropy [22–24]. 

 

4. Regional methods that adjust the threshold 

value based on regional characteristics 

[25,26] 

 

The first three philosophies encompass the 

fundamental practise of thresholding: the search for 

a global limit that allows us to partition the image 

into at least two districts. While the techniques 

described in the writing can add complexity to the 

search for the optimal limit, the final segmentation 

will rely solely on the dark level of each individual 

pixel. The final characterization is performed pixel 

by pixel. Take note that the vast majority of 

calculations involving fluffy measures [27–33] fall 

into one of these categories. However, 

neighbourhood strategies anticipate that distinct 

regions within the image will require distinct 

constraints. This is the case with images that have 

an asymmetrical enlightenment, in which articles 

are not entirely addressed by outright dark qualities. 

 

This vast array of philosophies will fall short due to 

noise-corrupted images, in which the dark levels of 

each article are spread and converged as a result of 

the noisy contortions. Characteristic-based 

techniques are a viable alternative, provided that we 

have sufficient information about the objects in the 

scene. Finally, spatial strategies take into account 

possible relationships between pixels. The 

reasoning behind them is that pixels that share a 

location with a similar article will have a certain 

level of availability, i.e., the presence of 

disconnected pixels is implausible and there is a 

strong connection between a pixel and its area. 

 

We propose a new thresholding philosophy in this 

article that capitalises on the fundamental 

advantages of the previous two classifications: 

 

• The membership level of a particular pixel in a 

class is spatially related to the membership of its 

neighbours. • The final thresholding will take 

neighbourhood membership into account for each 

of the classes, verifiably resulting in a locally 

variant limit. 

 

This paper’s fundamental commitment is based on 

Fuzzy Sets Theory and Fuzzy Logic [34]. Fuzzy 

logic is well-known as an extremely adaptable tool 

for characterising situations involving uncertain 

data or poorly defined highlights. Additionally, 

fluffy logic is a frequent determination when data 

must be recovered from linguistic pronouncements. 

It is frequently used in the field of framework 

control [35], but there are numerous applications in 

the field of image processing [36-38]. Numerous 

techniques for image thresholding have been 

proposed in the last two decades in light of fuzzy 

logic and fuzzy measures[39,40]. They are 

frequently concerned with locating the optimal limit 

through the use of fluffy measures, but frequently 

overlook spatial data. Several procedures were used, 

including fluffy grouping [41,42], modified 

adaptations of fluffy bunching techniques [19,21], 

fluffy measures [27,43,30,44], streamlining of 

fluffy conservatism [45], fluffy entropy [46], and 

the understanding of limits as type II fluffy sets 

[33,32]. Other delicate registering strategies have 

emerged in response to fluffy measures, for 

example, heuristic techniques in light of 

subterranean insect, honey bee, and microscopic 

organism settlements [47-49]. 
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In this paper, we propose an alternative philosophy 

to those used in the writing. The initial stage is the 

real trick: the participation of a pixel in a particular 

class or article is highly correlated with the 

participation of the surrounding pixels in that class. 

To take into account this neighbourhood spatial 

data, we propose the use of fluffy sets: Through a 

fluffy membership work, a pixel will be allocated to 

the various classes within a multi-region division. 

Following the fundamental hypothesis of fluffy sets, 

the conventional hard task (determining whether a 

pixel has a place or does not have a place with a 

result class) is supplanted by a delicate task. 

 

We propose a new thresholding philosophy for 

dividing the various regions within a picture into 

multiple regions. Keeping this in mind, we will use 

a fluffy task characterization technique that is 

similar to the thinking behind numerous fluffy-

based methodologies in the literature [27-31], but 

will be supplemented by a spatial conglomeration 

step that takes advantage of the delicate 

classification and spatial relations. Rather than 

using conventional hard thresholding, our fluffy 

thresholding philosophy assigns a participation 

degree to each pixel for each of the output classes. 

The level of participation for each pixel is then 

adjusted using neighbourhood data and some 

predefined fluffy rules. Although a few examples 

will be provided, the conglomeration technique 

should be explicitly intended for each specific 

application. Incorporating this step will be a 

significant advantage when managing boisterous 

images. 

II. REVIEW OF METHODOLOGY 

 

There are a total of four methods available, which 

are as follows:  

 

1. Otsu Threshold technique  

2.Abbreviation for “fuzzy C-“  

3.Segmentation via iterative thresholding 

4.Segmentation of maximum a posteriori spatial 

Probability 

 

However, we employ Fuzzy Thresholding, which is 

implemented via the Fuzzy Thresholding Algorithm. 

 

Global thresholds’ primary limitation is that pixels 

with extremely similar strength levels will always 

be segmented into the same class. This may result 

in misclassification in noisy or irregularly 

illuminated images. To resolve this issue, 

information about the behaviour of each pixel’s 

spatial environs is primarily considered. This spatial 

information can be utilised in a variety of ways, 

each of which results in a unique output 

segmentation. The most widely used methods are 

what we refer to as “blind” methods, which clean 

the segmented image using local processing but 

without prior knowledge of the image structure, 

object distribution, or noise type. These approaches 

employ only segmented values. Two well-known 

examples are median filtering and morphological 

processes for removing solitary pixels. We propose 

a novel mechanism for thresholding. Multiple 

regions are created from the distinct areas of an 

image. To accomplish this, we’ll employ a fuzzy 

assignment classification based on the philosophy 

of numerous fuzzy-based approaches described in 

the literature [27–31], but supplemented by a spatial 

aggregation phase that takes advantage of the soft 

classification and spatial linkages. Rather than 

using a standard hard threshold, our method of 

fuzzy thresholding will assign a membership degree 

to each pixel for each of the output classes. The 

membership degree of each pixel is then modified 

using local information using some aggregation 

technique and certain fuzzy criteria defined 

previously. While some examples will be provided, 

each application’s aggregation mechanism should 

be customised. When dealing with noisy images, 

including this aggregation phase will be extremely 

beneficial. 

 

Let I(r) be an image containing L distinct regions 

that we wish to segment using thresholding in order 

to obtain a segmented image M(r) that contains the 

following: 

 

 M(r )=g s {I(r)},  
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Where g s. denotes the segmentation method, which 

can be thought of as a function that converts the NI 

grey levels in image I® to L values, i.e. g s: N l-> L 

with L N l 

 

To perform the segmentation, the proposed 

approach requires that each pixel in the image Ir has 

a degree of membership in each of the L areas. To 

model that membership, fuzzy membership 

functions will be used. The l’s fuzzy membership 

function will be denoted by the symbol (x) 

 

The Threshold methodology consists of the 

following six steps: 

 

1. Graphics Processing: Image processing is a 

technique for performing a series of operations on a 

photograph in order to create an upgraded image or 

to recover useful data from it. It is a type of sign 

handling in which the information is a picture and 

the result may be the picture itself or a set of 

attributes/highlights associated with the picture. 

Image processing is one of the most rapidly 

developing fields today. It also structures the centre 

examination region within the disciplines of design 

and software engineering. In this first step, 

conventional thresholding may be used. Those that 

are based on clustering [16,17,50] or on the 

histogram’s entropy [23,24]. 

 

Image processing entails the following three stages: 

 

1.Importing the image via picture securing 

apparatuses. 

 

2.Examination and control of the image. 

 

3.Yield in which the outcome can be a modified 

image or report based on the image investigation. 

 

There are two distinct strategies for image handling 

in particular: manual and automated image handling. 

Simple image manipulation can be used for printed 

copies such as printouts and photographs. While 

utilising these visual procedures, picture 

investigators employ a variety of different 

translation techniques. Computerized image 

handling procedures aid in the control of advanced 

images via the use of PCs. Pre-processing, 

development, and display, data extraction are the 

three general stages that a wide variety of 

information must go through when utilising a 

computerised strategy. 

 

2. Centrifugal force is used to extract the centroids 

L centroids are used to define the various regions 

into which the image will be divided. Frequently, as 

recently stated, LN I The client can either 

physically specify the number of centroids in 

advance or the calculation can be tuned to find the 

optimal number of districts. Numerous techniques 

proposed in the writing for conventional 

thresholding could be used in this initial step, most 

notably those that rely on histogram bunching or 

entropy. Numerous methods for traditional 

thresholding that have been proposed in the 

literature may be used in this first step. Those that 

are based on clustering [16,17,50] or on the 

histogram’s entropy [23,24]. 

 

 

3.Fuzzy membership functions definition: 

 

A fuzzy membership function (x) with the 

parameters l=1,2,3,…..,L is related to each of the 

classes associated with the recently defined 

centroids. Two possible ways to characterise 

membership functions are as follows: According to 
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the histogram of the image, This technique is based 

on the traditional method of 

multiregionthresholding, in which the primary 

levels within the image are extracted from the 

histogram,h f (I) is fitted with a number of L 

weighted distributions: 

��(�) ≈ ��	
	(�) = 	�
�

���
 

Where 

 

The probability distribution P l(x) is defined as 

follows: 

 

W l denotes the centroids’ weights. 

 

With P l (x)  a probability density function defined 

by the arrangement of boundaries, and are loads 

that satisfy the constraint that l Wi=1. Fitting should 

be possible through the use of a minimization 

calculation, such as the least mean square error 

(MMSE): 

������	|	��(�) 	−��	
	(�)	|�
�

���
 

Typically, Gaussian appropriations are an excellent 

candidate for p l(x) to address histograms. In any 

case, a few clinical imaging modalities may benefit 

from elective appropriations. For example, it is well 

established that MR data follows a Rician 

distribution that can be accurately approximated by 

a Gaussian at high Signal-to-Noise Ratios. However, 

ultrasound data has been represented using a variety 

of appropriations, including Rayleigh, K, and 

homodyned-K. Recently, creators demonstrated that, 

as a result of the interjection on the information, the 

histogram can be addressed even more precisely 

through the use of a combination of Gamma 

appropriations. Thus, in those cases, a Gamma is a 

preferable value forp l(x). 

 

We will almost certainly use participation esteems 

rather than probability esteems. Keeping this in 

mind, we use the histogram data to illustrate the 

fluffy sets that contain the participation data. The 

simplest method would be to use Gaussian 

enrollment capacities (MF), such as those shown in 

Fig (b). Notably, the progression from probabilities 

to enrollment requires a modification of the first 

and last sets, as well as a standardisation of the 

loads. 

 

 

4.Assigning each pixel to a membership group: 

 

µ l(I(r))  denotes the membership of pixel ‘r’ in the 

image I ® in the l-th class. Using the recently 

defined PTS MF, note that  

��	(�(�)) 	= 	�
�

���
 

Now, a preliminary thresholding of the image 

should be possibload 

 
�(�) = 	����� !{�	(�(�))} 

 

Where, 

 

�(�)is the image of the output threshold. 

 

Additionally, we are not utilising the area’s data in 

this manner, and the results will be completely 

dependent on the centroid search technique chosen. 

 

At this point, each pixel will have a membership 

vector: 

 

Assuming PTS MFs are chosen, only two 

components of each vector will be non-zero. 

 

5. Aggregation of local information 

 

Prior to arriving at the final division, spatial data 

will be considered. This progression is the proposed 

system’s primary commitment. The adaptability of 

fluffy rationale enables us to plan a diverse range of 

approaches to considering the neighborhood’s 

impact on the recently defined  µ(I(r))degrees. 

Numerous neighborhood-based rule sets for fuzzy 

image processing have been proposed in the 

literature [59,60,38,61], which could easily be 

adapted to the proposed method. Additionally, 

fuzzy morphological operators such as those 

described in [37,57] can be used. The following 

sections discuss various aggregations for general-
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purpose image thresholding. The following sections 

will discuss an accumulation-based arrangement 

that is suitable for general image thresholding. 

 
#(�(�)) 	= [	��(�(�))		��(�(�))�%(�(�))……….�&(�(�))] 
 

6.Segmentation of images 

 

Segmentation is the process of dividing an image 

into distinct fragments. The purpose of segmenting 

a photograph is to transform its implementation into 

something more significant and easier to examine. 

It is typically used to locate objects and establish 

boundaries. 

 

The final step is to calculate the final fragmented 

image using the adjusted participation capacities. 

We propose the following use of the maximum 

operator: 

 

Nonetheless, alternative defuzzification and 

centroid estimation strategies are possible [34]. 

 

 
�(�) = 	����� !{�	(�(�))} 

III. CONCLUSION 

A new thresholding method has been provided. It 

has some similarities to previously reported spatial-

based thresholding approaches, but it also has some 

significant differences, since it is also related to 

fuzzy-based tactics. [20-23]The proposed 

methodology is based on a basic premise: in noisy 

photos, a pixel’s intensity value should not be used 

as an absolute classification feature because noise 

will cause comparable intensity levels in different 

objects, resulting in misclassification of isolated 

pixels.[27] Instead, some metric based on intensity 

levels must be considered, and this metric must be 

weighted by the surrounding pixels’ information. 

The use of fuzzy membership has been proposed 

for this task.[32] 
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