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ABSTRACT 

Image segmentation methods have been the focus of numerous academic areas within computer 

vision applications. Multiple fully and partially automated methods of object detection and removal 

from digital photos have been created. When it comes to medical applications, semi-automatic 

techniques of picture segmentation be the most effective and dependable. Intelligent Scissoring is a 

method for accurately segmenting photographs using automated algorithms, with the use of the 

user's input as a guide. Nonetheless, there are several problems and flaws with this approach. As a 

consequence, scientists have been working to perfect several iterations of Intelligent Scissors to 

simultaneously enhance outcomes and decrease the amount of human input needed. This article 

provides a summary of recent developments in semi-automatic segmentation techniques, including 

those that have been used for 3D semi-automatic picture segmentation. 

 

Keywords: review, image segmentation, intelligent scissors, semi-automatic, medical image 

segmentation, 3D segmentation, object extraction. 

INTRODUCTION   

Regular Intelligent Scissors works by transforming an image's pixels into a graph in which weights 

are applied to each pixel based on a cost function. Next, the user chooses an extraction origin point 

on the object's border. Dijkstra's method will be used to find the shortest route when the user drags 

the mouse over the border, and that path will be presented. An existing route is frozen in place and 

a new path is initiated when the user sets the next seed point. No longer than until the object's 

outline is finished. The intensity gradient is used in the computation, which is problematic. High-

textured images prevent this technique from producing satisfactory results unless a large number of 

seeds are employed. In addition, this technique performs poorly with low-quality, low-contrast, 

non-uniform, or noisy pictures. 

 

The methods built on top of Intelligent Scissors cover a wide spectrum of uses, methodologies, 
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applications, computing burdens, dimensionalities, and more. These findings summarise the most 

significant Intelligent Scissors-derived approaches.  

 

INTELLIGENT SCISSORS METHODS: 

IT-Snaps is a novel picture segmentation technique that, like image scissoring, relies on an image's 

texture[1]. Known as a "texture snapping system," it allows users to interact with textures in real-

time (IT-SNAPS). It's a real-time approach to user-guided segmentation. Regular Intelligent 

Scissors and its derivatives failed to correctly segment complicated pictures, hence this new 

technique was developed. To get precise segmentation results, the user is limited to performing 

operations on image-based attributes. 

 

Two-texture segmentation issues will be used to define IT-SNAPS. One of the textures would be 

given a heavier weight than the other depending on whether one is more prevalent in the current 

segmentation zone. When the user travels to a new area with different textures, the scale will 

readjust appropriately. 

 

To illustrate, think about the challenge of segmenting a picture from a heterogeneous backdrop, 

which consists of K areas with varying textures. Each of these areas is defined by a set of N 

characteristics. Then, we assign different weights to each feature and use the resulting 

representation to stand in for the area. To achieve this segmentation, we divide the picture into two 

halves along a certain piece of the contour. 

 

When segmenting along a route in an image, these weights are computed to maximize the 

weighted sum of feature gradients at the points of the path. The algorithm will finish formulating 

the border along that region of the picture after we identify the best blending of weighted features. 

Each time the textures along a route vary from the last, the user must utilize a new set of seeds. 

This approach is preferable than standard IntelligentScissors with relation to its accuracy and user-

friendliness.  

 

Intelligent, Enhanced Scissors: 

To address problems with the segmentation of medical pictures using standard Intelligent Scissors 

[2], a new approach called Enhanced Intelligent Scissors was presented. This strategy uses an 

external, complicated wavelet phase-based model as a proxy value, which is robust against 

common problems in medical imaging such as uneven contrast and noise. Hidden Markov Model 

is used to extract the edge of pictures. Finally, a second-order Viterbi algorithm is used to 

determine the best possible border. Experimental results show that this strategy is superior to 

Intelligent Scissors at accurately segmenting medical pictures with little user input. Like the 

original Intelligent Scissors approach, this newer version has the expert choose a perimeter value 

from which to partition the item. The expert, however, chooses a series of numbers about the 

contour rather than precisely following it. The program then uses these locations to create a border 

around the area of interest.  

 

Benefiting from 1) Extraction of Local Costs from the Outside World: 

To begin, a rough estimate of the phase coherence of the image's immediate vicinity is obtained. 
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To begin the following cycle, the phase values from the previous cycle are applied to the 

neighboring phases. With this information in hand, the moment adaptive estimation approach is 

used to assess a new approximation of the image. To kick off the following iteration, the new 

picture representation offers a fresh estimate of the phase values. The following are some of the 

advantages of using the phase representation in external value for estimate purposes. To begin, it 

ensures that the extraction is immune to the contrast and non-uniformities often present in medical 

imaging. As a second benefit, it is more resistant to signal noise. 

 

Next, we employ a Hidden Markov Model of Boundary Extraction to generate a boundary 

formulation from the user's imprecise point inputs. In the first step, two data points are used to fit a 

curve. The locations along that curve are then used to calculate q normals. There are p nodes that 

take into account each of these orthogonal, for a total of PQ. The Hidden Markov Model 

(HMMhidden )'s states are constructed by line segments along the orthogonal boundaries. A 

Viterbi method is an effective tool for solving the HMM. 

 

Third, the HMM formulation of the boundary contour is solved using the Second Order Viterbi 

Boundary Optimization method. The Viterbi technique is normally rather fast, but when the HMM 

has a large number of states, its speed decreases. To prevent the computing demand of solving the 

HMM from becoming unmanageable, we must implement a global threshold that is adaptive 

depending on the extracted moment of coherence. 

 

C. A technique based on the image's local characteristics is the Growing Region and Level Sets 

Method. It is based on two primary ideas [3]. The first is that low-grade MR images of brain 

tumors may benefit from the intensity invariance of phase local information. In the second section, 

we will discuss how the level set methodology may be used in tandem with the expanding area 

method to enhance brain tumor segmentation. Low-grade gliomas (LGGs) are a subset of brain 

tumors that tend to be more elusive to diagnose. The reason for this lies in the fact that its form, 

location, and inherent essence change depending on the circumstances. Standard segmentation 

techniques depend on an intensity gradient formulation that is infeasible for LGG detection. As a 

result of adopting this strategy, the level set technique will be integrated with the expanding 

understanding of the proximal phase. 

 

This technique uses information about contours. The first stage of the level set function (LSF) 

involves creating a high-quality binary mask by integrating the expanding area with the 

morphological mathematical process. Following this, the LSF function is evolved by applying the 

initial contours from the previous phase and varying the number of iterations of the process. 

 

The method of local phase information relies on the idea of symmetry. Edge detection is improved 

by symmetry. Using a frequency-based method, we locate the maximum of the local phase to 

determine the locations of symmetry and asymmetry. Filters like quadrature filters, which include 

both even and odd bandpass filters, are used to assess the acquired near-phase information. Then, 

the local phase data is dependent on the integration of N-D signals at various length scales. To 

estimate the local phase from 1-D signals, the original signal is combined with the Hilbert 

transform. In addition, an N-D signal's local phase information is approximated using a Felsberg-
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Sommer signal based on a Riesz transform. Kovesi suggested locating the Feature Asymmetry 

(FA) metric using the local phase data. This technique makes use of the above-mentioned filters of 

odd and e en. 

 

Thirdly, the level set approach is the best tool for our project because of the intricate structure of 

LGG. The fundamental concept is to construct a mathematical formula as a zero function of a 

higher function labeled as a signed distance. The final product is a function known as the level set. 

The overall shape of the tumor is appropriately determined. 

 

When compared with the gradient intensity approach, the generated outlines are more similar to 

those produced by human specialists than the former. 

 

The key contribution of this approach is that it has aided in the development of a more effective 

method of initializing contour detection. 

 

Activated Aquifers 

Here we combine graph cuts, random walker, shortest route optimization, and watershed 

techniques to provide a method for seeded picture segmentation [4]. To describe our technique, we 

use a generic energy function whose parameter is the exponential of the dissimilarity between a set 

of nodes in the same area. Power watersheds are the term we use to describe this strategy. 

 

Watersheds: 

When creating a relief map, the picture gradient is used instead of actual elevation data. The user 

then initiates the process by entering a starting "seed." divide into segments of split the elements of 

a photo into their distinct pieces. Low-growth forest algorithm analyses trees that include all of the 

nodes from the input graph. The user inputs a set of trees' seeds, and each tree's cost is then 

allocated to the set of trees with the lowest possible cost. 

 

Graph cuts: This method generates the contour around objects by finding the least values between 

the foreground and background user-input main seeds by maximum change calculations. 

 

Grady's weighted graph provides the basis for his random walker, which we call "the random 

walker." By allocating pixels to the most probable seed that sends a random walker, it establishes 

labels for unseen nodes. In other words, we need to find seeds for the unlabeled pixels that are at 

least as far apart from each other as possible. 

 

4. Shortest pathways: If there is a shorter path from a point to the main point inside the same object 

of interest than to any other irrelevant seeds, then that point is assigned to the object of interest via 

the method of shortest paths. Image content has a role in the relative importance of various paths. 

 

Expanding the watershed concept to a broader context: in image processing, each pixel 

corresponds to a node. Each node is linked to the 4- or 8-point lattice that is closest to it. The 

perimeters are assigned values based on a cost-benefit analysis of the graph. The affinity of the 

foreground and background at a node is additionally penalized by the addition of affinity weights. 
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Strongly linked nodes will have a large weight, whereas nodes with few connections will have a 

lower weight. Random walker, graph cuts, watersheds/maximum spanning forest shortest route, 

and power watersheds were all tried in various permutations within this technique. We offered a 

broad framework that incorporates all of these techniques, which might be useful as and when 

individual approaches are refined. Within this paradigm, a fresh set of algorithms for the optimally 

expanding forest approach have been devised. The exponentiation power watershed technique 

resulted from these findings. 

 

AntSeg: Ant Colony Optimization for Interactive Image Segmentation 

Artificial ant behavior and gradient segmentation of images are combined in this approach [5]. The 

behavior of artificial ant colonies is inspired by the path that real ants travel when they leave their 

nests. Following them will reveal a pheromone scent they left behind. Following this material 

allows other ants to find their way back to the nest. Once the ants have arrived at their destination, 

they will reinforce the trail by adding more of the same material. Further, when the pheromones 

dissipate over time, so do the routes that were placed on them but had less significance. In this 

method, just the shortest route remains, while the others are eliminated. The application of 

heuristics allows for further optimization of this strategy. A predictable relationship between input 

and output cannot be guaranteed using this approach. To see the boundaries of objects in a picture, 

we typically calculate the image's gradient. However, using interactive image segmentation, we 

may do it directly via the image. In our method, we use the weighted gradient operator. 

Specifically, it's a color picture gradient. This gradient is the linear combination of the cost 

gradients from the color bands in the picture, and it is used to map the colors in the image to the 

HIS space model of colors. If the information contained inside a single band is particularly crucial, 

then the gradient of that band will be given greater weight. 

 

Using artificial ant colonies, we start with two vertices and a minimal route linking them to build 

the segmentation contour. Using certain heuristic data and the trail of pheromones left by previous 

ants, each artificial ant builds a static and linked network. The optimum answer will be found by 

combining the ants' various graphs. With AntSeg, ants use the morphological gradient and the 

offered heuristic information to find a viable route. Pheromone importance is shown by the picture 

gradient's emphasized margins. The image's origin is determined by the user. The ant colony will 

move to the location where you click the mouse next. Unique ants find many routes between the 

two sites. We evaluate the most recent answer to the problem against the optimal one. Both the 

number of iterations and the total number of ants involved in the process are customizable by the 

user. Each iteration is followed by applying an objective function on the pheromone trace of the 

most recent solution, to make it better. It shortens the distance of the route currently being taken. It 

helps locate the heuristic information accumulated in the process of traversing that route. The 

expert has the option of accepting or rejecting any of the ant trails that have been constructed. 

Pheromone footprints are updated in both scenarios. 

 

An ant builds a solution little by bit, following its own decision rule. From that starting place, the 

ants may choose any surrounding spot except ones that have already been visited. The choice takes 

into account pheromone concentration, slope, and travel distance. Each ant will find its ideal 

solution in this manner. In this case, AntSeg II was used to segment the image. 
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Strategies for Intelligent Scissors in Three Dimensions 

A Typical Method for Interpreting and Diagnosing MR Images Is Multilayer Segmentation Using 

Gaussian Weighted Euclidean Distance and Nonlinear Interpolation[6]. In this technique, we 

suggest a novel methodology for multilayer object extraction formulated from Gaussian Weighted 

Euclidean Distance and then nonlinear interpolation. The results reveal that our approach 

outperforms existing semi-automatic segmentation techniques in terms of accuracy and processing 

speed. 

 

We begin by using a refined live-wire technique to separate the outer and inner layers. The canny 

edge detector technique describes this method. When an expert moves the mouse from one 

location to another, a "live-wire" contour follows the mouse's path and follows the object being 

segmented, allowing for a more accurate assessment of the layers' segmentation quality. New input 

of seeds fixes the previously chosen section and begins the next one until the boundary is finished. 

This results in two perfect layer-1 and layer-2 segmentations. Then, we determine the Euclidean 

limits of these two layers based on a Gaussian distribution. The data must then be normalized. We 

multiply by the contour's Euclidean distance. The image's top and bottom layers' Gaussian 

Weighted Euclidean Distances are thus obtained [6]. When calculating the interpolation of the 

intermediate layers to partition them, these findings will be treated as previous information.  

 

Stages of multilayer segmentation image processing 

First, we've created a better version of the live-wire technique, which can be used to locate the 

minimal value function between any two seeds in 2D pictures. The following terms make up this 

function: gradient magnitude, LoG edge detection, canny edge detection, and their respective 

weight constants. 

 

Gaussian weighted Euclidean distance: 

The outline will be shown as a binary picture, with the pixels along the outline having the value of 

one and the surrounding pixels having the value of zero. Since there are two levels, we'll need two 

sets of binary pictures. The two binary pictures are then reformulated using city-block 

transformation. The distances outside and within the boundaries are made negative. The next step 

is to examine the binary representation of the original picture for any holes that need to be filled. 

At last, we identify the pixel coordinates that fall inside the contour by only assigning positive 

values to city-block distances that are within the main contour. 

 

The third method is to use a nonlinear interpolation based on a Gaussian weighted Euclidean 

distance. Multiple slices may be interpolated effectively. With updated contours for the initial and 

final layers, we may interpolate the data to provide segmentation for the intermediate layers. 

 

Upgraded Live-Wire for Three-Dimensional Graphics 

Soft tissue may make certain areas of interest in CT scans more difficult to segment than others. 

homes and other large and tiny spectrums of possible intensities in terms of intensity [7]. By doing 

so, we improved the picture based on a live wire approach for 3D object extraction to enhance the 

outcomes connected with medical CT scans. The size, shape, and border of regions of interest 

might vary widely. Via the use of several sections of pictures from orthogonal planners or through 
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iterative boundary adjustments beginning with prior segmentation findings, the live-wire approach 

may be extended to three dimensions. This approach is based on the principle of layer-by-layer 

iterative segmentation and boundary correction. To make the most of the experience gained from 

prior segmentation and to enhance the newly processed picture, we will include control parameters 

and cost features. 

 

Live-wire iteration 

Extending the live-wire technique into 3D has been the focus of several methods. Taking the 3D 

segmentation as a set of 2D slices of the original 3D object is one approach [8]. A segmented slice 

is used in Iterative Live-Wire (ILW). Then it uses the information gained by projecting that slice 

onto the preceding and succeeding slices to establish an initial boundary. This first slice is then 

equally cut using many control points. The live-wire paradigm will be used in such regions to 

generate a new border segment that closely matches the actual boundary in the present picture. By 

repeatedly using new segments, we may fine-tune the border. When there is little change in the 

total cost along the border, the procedure finishes.  

 

CONCLUSION 

Based on the specific nature of the job at hand, researchers have created methods for picture 

segmentation under a wide variety of academic umbrellas. The approaches considered in this 

overview each have their unique characteristics. They aim to lessen the amount of time required of 

the user while also increasing the quality of the picture segmentation. As a group, they endeavor to 

overcome negative high-resolution pictures together with Low-contrast and noise. Several 

strategies have evolved into live-interactive segmentation since feedback from the expert user is 

crucial for generating correct segmentation and reducing wasted time. With regards to 3D, 

techniques have been created that build off of the 2D techniques. Additionally, there are several 

practical uses for 3D photographs. 

 

In the future, researchers interested in Intelligent Scissors approaches should investigate several 

different questions. To begin, it has to be optimized to receive less input while processing 

complicated pictures for segmentation. Second, the system needs additional work so that it can 

handle pictures with a lot of detail. It also has to make use of the user's judgment on a wider 

variety of feature types that may be derived from the picture. More photos should be included in 

the findings supplied for these techniques. Furthermore, medical applications have made 3D semi-

automatic picture segmentation an important aspect of the image processing discipline. 

Additionally, additional study and development are needed. In addition, the contour should be 

shown in real-time by all semi-automatic techniques as the calculation begins. This will result in 

more precision. Finally, it may be beneficial to build a super method that utilizes many algorithms, 

since any enhancements to these individual algorithms will result in enhancements to the super 

method as a whole. 
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