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Abstract—Within many computer vision applications, image segmentation techniques have been the focus 
for a lot of disciplines. Several automatic and semi-automatic algorithms for extracting objects from 
images have been developed. Semi-automatic methods of image segmentation have proven to be the most 
efficient and reliable, especially for medical applications. Intelligent Scissoring is a technique that uses the 
input from a user as a guidance for proper segmentation of images using automatic algorithms. However, 
this method has many issues and weaknesses. Therefore, researchers have been developing different 
variants of Intelligent Scissors which improve results and reduce the user interaction required. This 
review presents an overview of the latest methods and algorithms regarding semi-automatic 
segmentation, and even expanding onto 3D semi-automatic image segmentation.  

Keywords—review, image segmentation, intelligent scissors, semi-automatic, medical image segmentation, 3D 
segmentation, object extraction. 

I. INTRODUCTION 

In regular Intelligent Scissors, pixels in an image are transformed into a graph of weights assigned to each 
pixel that are calculated using a cost function. Then, the user selects a suitable starting point on the boundary of 
the object to be extracted. As the user moves the mouse across the boundary, the shortest path following the 
mouse will be calculated using Dijkstra’s algorithm then displayed. 

When the user places the next seed point the previous path gets fixed and the next path initializes. Until the 
object contour is completed. The issue with this method is that it uses the intensity gradient in its calculation. If 
the image is highly textured, this method fails to provide good results unless many more seeds are used. Also, this 
method is poor when dealing with images of low quality, low contrast, non-uniformity or noise. 

Methods developed upon Intelligent Scissors vary a lot in terms of purpose, technique, application, 
computational requirement, dimension space, etc. This review presents the major methods developed from 
Intelligent Scissors. Part II presents 2D segmentation methods. Part III will have 3D segmentation techniques. 
Part IV will give a brief conclusion while Part V will be future work. 

II. 2D INTELLIGENT SCISSORS METHODS: 
A. IT-Snaps: 

It is a new image segmentation method similar to image scissoring but is reliant on the texture of an image[1]. 
It is called interactive texture snapping system (IT-SNAPS). It is an interactive segmenting method that takes 
input from the user on the fly. This method has been introduced because regular Intelligent Scissors and its 
variants could not appropriately segment complex images.The user is constrained to operate on image based 
properties in order to produce accurate segmentation results.  

IT-SNAPS, will be formulated using two-texture segmentation problems. Depending on which texture is 
dominant within the current region of segmentation, the weights assigned to one of each texture would be greater 
than of the other. Once the user moves into another region of different textures the weight will change 
accordingly. 

Consider the general problem of segmenting an image from a heterogeneous background which is made up of 
K distinct regions of different textures. We describe each of those regions by a combination of N features. Then, 
we represent each region by a mix of these features weighted by factors to each feature. This way we dichotomize 
the two regions along a certain segment of the contour in order to segment the image. 
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