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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. 

 
 
 

Baki Koyuncu et al. / International Journal of Computer Science Engineering (IJCSE)

ISSN : 2319-7323 Vol. 7 No.06 Nov-Dec 2018 268



The c
weighted
weighted
user has 
method is

B. 

Enhanced
images u
model as
images, t
Then, th
achieved 
Scissors.I
object to 
around th
region of

1) Exte

First, 
starts, ne
approxim
represent
of estima
affected 
noise. 

2) Hidd

Our n
First, a c
Each of t
Markov M
be found 

3) Seco

The f
efficient, 
that the c
threshold

calculation of 
d sum of featur
d features, the 
to employ dif
s superior to r

Enhanced In

d Intelligent S
using regular 
s an external p
typically foun
e optimal bou

very accurat
In this improv
be segmented

he contour wi
f interest using

ernal local cos

the starting ap
earby phases

mation of the
tation of the im
ation via the 
by contrast an

den Markov M

next step is to
curve is fitted 
those orthogo
Model (HMM
in a very effic

ond Order Vite

final step is to
sometimes it 

computational 
d that is adapti

f these weight
re gradients al
algorithm wil

fferent pairs o
regular Intellig

Fig

ntelligent Sciss

Scissors is a m
Intelligent Sc

proximate val
nd in medical 
undary isfoun
te segmentati
ved Intelligen
d as with the r
ithout followin
g the algorithm

st extraction: 

pproximation 
sarereevaluated
e picture is 
mage provides
phase represe
nd non-unifor

Model of Boun

o shape out th
between any 
nalsis conside

M)areformulate
cient way usin

erbi Boundary

o solve the HM
can become s
requirement o

ive based on th

ts when segm
long the point
ll complete th
of seeds each 
gentScissors w

gure 1: Image seg

sors: 

method propos
cissors [2]. T
lue that is inva
images. The 

nd using a se
ion in medica
nt Scissors me
regular Intelli
ng it closely. 

m. See Fig.2. 

of the nearby
d using the 
evaluated ag

s a new estima
entation in ex
rmities found 

dary Extractio

he boundary fo
two input poi

ered by p nod
ed by the poin
ng Viterbi algo

y Optimization

MM formulatio
slow due to a 
of solving the 
he extracted m

menting along 
ts of the path i

he formulation
time the textu

with regard to i

mentation using I

sed in order to
his method r
ariant to non-
boundary of i

econd order V
al images wi
ethod, the exp
gent Scissors
Next, a bound

y phase cohere
last iteration

gain from m
ate of the phas
xternal value 

in medical im

on: 

ormulation mo
ints. Then, q n

des, giving a to
nts running on
orithm.  

n: 

on of the boun
large number
HMM does n

moment of coh

any certain p
is maximized.

n of the bound
ures along a p
its accuracy an

IT-SNAPS techn

o resolve issue
elies upon a 
-uniformities w
images is extr

Viterbi algorith
ith less user 
pert picks a st

method. Butt
dary gets form

ence of the pic
n’s phase va

moment adapt
se values in or
are as follow
magery. Secon

odel from the
normals are e
otal of pq nod

n the boundary

ndary contour
r of states with

not become too
herence. 

part of the ima
. After we find

dary along that
path change fr
nd user-friend

 
nique 

es related to se
solid comple
within the im
racted using H
hm. Experime
interaction c

tarting value o
the expert pick
med between t

cture is acquire
alues. Using 
tive estimatio
rder to start the

ws. First, it ma
nd, it makes 

e inexact poin
evaluated on th
des. The hidde
y orthogonals.

r. While the V
hin the HMM
o great, we hav

age is done s
d the optimal 
t part of the im
rom previous 
dliness. See Fig

egmentation o
x wavelet ph
age, contrast 
Hidden Marko
ents using thi
ompared to I
on the perime
ks a sequence
these points a

ed. As the nex
this result, 

on method. T
e next iteration
akes the extra
it robust agai

ts inputted by
he points of th
en states of th
 Solving the H

Viterbi method
M. In order to m

ve to introduc

o that the 
mixing of 

mage. The 
ones.This 
g.1. 

of medical 
hase-based 
and noisy 

ov Model. 
is method 
Intelligent 
eter of the 
 of values 

around the 

xt iteration 
a revised 
This new 
n.Benefits 
action not 
inst signal 

y the user. 
hat curve. 
he Hidden 
HMM can 

d is highly 
make sure 
ce a global 

Baki Koyuncu et al. / International Journal of Computer Science Engineering (IJCSE)

ISSN : 2319-7323 Vol. 7 No.06 Nov-Dec 2018 269



C. 

This
intensity 
second p
segmenta
to detect
another. 
LGG det
proximat

1) Le

This 
growing 
the LSF 
step befo

2) Lo

The m
edge of a
phase rea
including
different 
original s
signal usi
Asymme
proposed

3) Le

Due t
basic ide
The resu
Comparin
manually
detection

Growing Reg

s method is b
invariance of

part is the lev
ation of brain 
t than other t
Typical meth
tection. This 
te phase know

evel Set Funct

is a contour i
region with th
function depe

ore. 

ocal Phase Inf

method of loca
an object. We 
aches the max
g even and od

scales of N-D
signal with th
ing Felsberg a

etry (FA) mea
d above. 

evel Set Metho

to the complex
a is to build a
lt constitutes 
ng with the 

y segmentation
n which constit

Figure 2: M

gion and Leve

ased on the l
f phase local 

vel set techniq
tumors. One 

types oftumor
hods of segme

approach wil
wledge. 

tion: 

information m
he morpholog
ending on a n

formation: 

al phase inform
identify symm

ximum.The pr
dd bandpass 
D signals. Th
e Hilbert tran
and Sommer s
asure via the 

od: 

xity of LGG’s
a mathematica
the level set 
gradient inten
ns made by ex
tute the main 

Figure 3: S

Medical image seg

el Sets Techni

local features 
information w

que formulate
type of brain 
rs. That is du
entation rely o
ll combine th

method. First s
gical mathema
umber ofrerun

mation is relia
metry and asym
roximate phas
filters. Then, 

he local phase
sform. Moreo
signal based o

local phase 

s structure, th
l formula as a
function.In re
nsity method,
xperts.This me
contribution o

egmentation usin

gmentation using 

ique: 

of an image
which is usefu
ed in combina
tumors is the 

ue to itsvaryin
on a formulati
he level set m

step is to start
atical operation
ns of the algo

ant of the conc
mmetry points
e knowledge 
the local pha

e is estimated
over, the local 
n Riesz transf
information. 

e level set me
a zero function
esults, the gen
, contours res
ethod has help
of this method

ng Growing Regio

 

 

Enhanced Intellig

. It relies on 
ul in low grad
ation with exp
low grade gli

ng type, place
ion of intensit
method with 

t the level set 
n making a qu
orithm by mea

cept of symme
s using a frequ
is evaluated f
ase informatio

d from 1-D si
phase inform

form.Kovesi p
This method 

ethod is most 
n of a higher f
neral contour a
sulting from 
ped develop a 
d. See Fig.3. 

on and Level Sets

gent Scissors 

two main co
de MR image
panding regio
iomas (LGG) 
e and nature 
ty gradient w
the growing 

function (LS
uality binary m
ans of the star

etry. Symmetr
uency based ap
from filters su
on is reliant 
ignals using t

mation is also 
proposed a me

relies on the

suitable techn
function labele
around the tum
this method 
better way of 

 
s Technique. 

 

oncepts [3]. F
es of brain tum
on in order to
which is mor
from one con

which is not su
region relyin

SF) from comb
mask. Next is 
rting contours

ry helps in det
pproach where

uch as quadrat
on the combi
the combinati
estimated from

ethod of findin
e odd and ev

nique for our w
ed as a signed
mor is found 
are relatively

f initializing th

irst is the 
mors. The 
o improve 
re difficult 
ndition to 
uitable for 
ng on the 

bining the 
to evolve 

s from the 

tecting the 
e the local 
ture filters 
ination of 
ion of the 
m an N-D 
ng Feature 
ven filters 

work. The 
d distance. 

correctly. 
y close to 
he contour 

Baki Koyuncu et al. / International Journal of Computer Science Engineering (IJCSE)

ISSN : 2319-7323 Vol. 7 No.06 Nov-Dec 2018 270



D. 

In thi
shortest p
common 
a local re

1) W

The g
the segm
evaluates
and the c

2) Gr

The g
foregroun

3) Ra

The r
assigning
seeds tha

4) Sh

The a
to main p
content. 

5) Br

In im
8-point la
the affini
weight w
five meth
power w
provide v
extending

E. A

This
technique
leave beh
reach to 
irrelevant
This way
of heuris
lead to th

1) In

Usual
algorithm
the HIS s
the image
its gradie

 

Power Water

is study, we co
path optimiza
energy functi

egion. We call 

Watersheds: 

gradient of the
mentation of 
s trees extendi
ost assigned to

raph cuts: 

graph cuts alg
nd and backgr

andom walker

random walke
g pixels to the 
at have a minim

hortest paths: 

algorithm of sh
point within th

roadening the 

mage processin
attice. A cost 
ity of foregro

while weakly c
hods were tes

watersheds.We 
value whenev
g forest metho

AntSeg: Ant 

s method deve
e [5]. Artificia
hind on their t
their target, 

t paths with l
y only the sho
stics in order t
he same output

teractive Imag

lly, we compu
m, we use the 
space model o
e, linearly. Th

ent. 

rsheds 

omprise a me
ation and wat
ion whose par
this method p

e image is trea
image into d
ing all the ma
o the group of

gorithm produ
round user inp

r: 

er of Grady is 
most likely s

mum diffusion

hortest paths a
he same objec

framework of

ng applications
evaluated grap

ound or backg
connected nod
sted: random w

proposed a g
er any of them

od. This produ

Fi

Colony Optim

elops a comb
al ant colony 
tracks a trace 
they strength

less substance
rtest path stay
to find best re
t. See Fig.5. 

ge Segmentati

ute the gradie
weighted gra

of colors, this 
he more impor

thod of seede
tershed metho
rameter is an e
power watersh

ated as the rel
different prop
ain points of th
f trees getsmin

uces the conto
put main seeds

formulated u
eed that sends
n distance. 

assigns pixels
ct of interest t

f watersheds:

s, each pixel i
ph gives value
ground at a s
des will have 
walker, graph
general frame
m improves. T

uced the power

igure 4: Image se

mization to In

bination of the
behavior is b
of a pheromo

hen the path 
e deposited on
ys and longer 
esults. This ki

ion: 

ent of an ima
dient operator
gradient cons
rtantthe know

ed image segm
ods all togeth
exponential of
heds. 

lief map. Then
er separate o
he graph. Eac
nimized. 

our around ob
s using a maxi

using a weight
s a random wa

s to the object 
than to any ot

is related to a 
es to the perim
ingle node. N
small weight.

h cuts, watersh
ework encomp
This framewo
r watershed m

egmentation using

teractive Imag

e artificial an
based on the w
one. This subs
with depositi

n them disapp
paths disappe

ind of method

age in order to
r. It is a gradi
sists of the com

wledge within a

mentation that 
her [4]. We e
f the differenc

n, a seed is in
objects. A mi
ch tree is relat

bjects by find
mum change c

ted graph. It d
alker. In other

of interest if 
ther irrelevant

node. Node a
meters. Affinit
Nodes that are
. Within this m
heds/maximum
passing all of 
ork defines a n
method using e

g power watershe

age Segmentat

nt behavior an
way ants take 
stance is then
ing more sub
pear as the ph
ear.More refin
d is not determ

o observe the
ient for color 
mbining the co
a single band,

includes grap
express our al
ce between col

nputted from th
inimum expa
ted to exactly 

ding the minim
computations.

defines labels 
r terms, assign

there is a clos
t seeds. Paths 

are connected 
ty weights are
e strongly con
methoddiffere
m spanning fo

f these method
new family of

exponents. See

eds. 

tion: 

nd the image 
as they go ou
 traced by oth

bstance on the
heromonesdisa
nement of this 
ministic: same

e edges of obj
images. Trans
ost gradients f
, the more we

ph cuts, random
lgorithm in te
llection of nod

he user in ord
ansion forest 

one seed inpu

mum values b
.  

for unseeded
ning unlabeled

ser path from 
are weighted 

to their proxi
e also added to
nnected will h
ent combinatio
orest shortest 
ds which in tu
f algorithms o
e Fig.4. 

 

gradient segm
ut of their hom
her ants. Whe
esame path. M
appear after so

method is do
e input does n

jects within it
sforming an im
from the color
ight will be as

m walker, 
erms of a 
des within 

der to start 
algorithm 
ut by user 

between a 

d nodes by 
d pixels to 

that point 
by image 

imate 4 or 
o penalize 
have high 
ons of the 
path, and 

urn might 
of optimal 

mentation 
mes. They 
n the ants 
Moreover, 
ome time. 

one by use 
not always 

t. For our 
mage into 
r bands of 
ssigned to 

Baki Koyuncu et al. / International Journal of Computer Science Engineering (IJCSE)

ISSN : 2319-7323 Vol. 7 No.06 Nov-Dec 2018 271



2) Ar

To co
Each arti
pheromon

3) An

Ants 
enhanced
starting p
between 
the numb
improve 
in finding
rejected b

4) De

An an
neighbor
and distan

A. 

Multi
we propo
Distance 
efficient 

To b
technique
mouse p
segmente
complete

This 
weighted
Euclidean
bottom l
interpolat

rtificial Ant Co

onstruct the co
ificial ant con
nes left by pre

ntSeg: 

look for a sui
d borders from
point on the im
the two points

ber of iteration
the pheromon
g the heuristic
by the expert. 

ecision Rule: 

nt constructs a
ing point exce
nce between s

Multilayer Se

ilayer segmen
ose a new ap
then nonline

compared to c
egin with, we
e is the canny
ointer from o

ed. New input
ed.  
way, we gene

d Euclidean bo
n Distance of
layers of the 
tion of the in-b

olonies: 

ontour of segm
nstructs a stat
evious ants. Th

itable path by 
m the image g
mage. The ne
s by different 
ns and number
ne trace of the 
c knowledgeco
In both cases,

a solution by a
ept those that 
start and end p

II

egmentation U

ntation is a com
pproach for m
ear interpolati
current semi-a
e segment th
y edge detect
one point to 
t of seeds fixe

erate two idea
oundaries of th
f the contour.
image. Thes

between layer

mentation, we
tic and conne
he combinatio

using the mo
gradient are t

ext mouse clic
unique ants. T
r of ants of th
latest solution

ollected along
, pheromone tr

an incrementa
have been vis

points. This wa

Figure 5: Ima

II. 3D INTELL

Using Gaussia

mmon approa
multilayer obj
ion.Results sh
automatic segm
e top and bo
tor technique.
another, a “l

es the previou

al segmentatio
hese two layer
. Thus, we ac
e results will
rs in order to s

e begin with t
ected graph u
on of all graph

rphological gr
the weights as
ck is the next 
The best path 
he operation. A
n. It helps min
g that path. Al
races along al

al choice of pa
sited by other 
ay we get the 

age segmentation

LIGENT SCISS

n Weighted E

ach for reading
ject extraction

how that segm
mentation met
ottom layers u
. Ideal segme
live-wire” con
s selected seg

ons of the firs
rs. The next st
cquire the Ga
l then be reg
segment them.

two vertex an
sing some he

hs made by the

radient and th
ssigned to the
destination fo
is compared t

An objective fu
nimize the len
ll paths built b
l paths get upd

ath. The decisi
ants. The dec
optimal uniqu

n using AntSeg 

ORS METHOD

Euclidean Dist

g and diagnos
nformulated f
mentation usin
thods. 
using a better
ented layers a
ntoursticks to
gment and star

st and last lay
ep is normaliz
aussian Weigh
garded as prio
.See Fig.6 

d a minimum
euristic inform
e ants will give

he provided he
e pheromones
or the ants. M
o the latest so

function is use
ngth of the cur
by different a
dated. 

ion starts from
cision conside
ue solution by 

 

DS: 

tance and Non

sis of MR ima
from Gaussia
ng this metho

r developed l
are evaluatedw
 and goes ar
rts the next on

yers. Then we 
zing the result
hted Euclidea
or knowledge

m path connect
mation and the
e the best solu

euristic knowl
s.The user pro

Multiple paths 
olution. The us
ed after each it
rrent path. It a
ants may be ac

m the initial po
ers pheromone
each ant. 

nlinear Interpo

ages[6]. In thi
an Weighted 
od is accurate

live-wire met
when the expe
round the obj
ne,until the bo

calculate the 
ts. We multiply
an Distance o
e when comp

ting them. 
e trace of 

ution. 

edge. The 
ovides the 
are found 

ser can set 
teration to 

also assists 
ccepted or 

oint to any 
e, gradient 

olation: 

is method, 
Euclidean 
e andtime 

hod. This 
ert moves 
ject to be 
oundary is 

Gaussian 
y with the 

of top and 
puting the 

Baki Koyuncu et al. / International Journal of Computer Science Engineering (IJCSE)

ISSN : 2319-7323 Vol. 7 No.06 Nov-Dec 2018 272



1) Im

We h
two seed
detection

2) Th

A bin
zeros. Th
reformula
search fo
coordinat
the main 

3) Th

Using a n
slices eff
generate 

B. 

Some
structures
extraction
interest m
several s
segmenta

This 
layer to l
previous 

1) Ite

Many
the 3D se
uses a se
that infor
Those se
the true 
boundary

mproved Live-

have developed
ds in 2D imag
n, canny edge d

he Gaussian W

nary image wil
hus, we will 
ate those two 

or cavities to b
tes that are in 
contour. 

he Nonlinear I

nonlinear inter
ficiently.Using
segmentation 

Improved Liv

etimes, region
s and small 
n methods of 
may vary in sh
sectional imag
ation results.  
method relies
layer. We wil
segmentation 

erative live wi

y approaches h
egmentation a
lected slice th
rmation as an 
gments will b
boundary on

y. When the ac

Figure 6: Ima

Wire: 

d a more adva
ges. This fun
detection and 

Weighted Eucl

ll represent the
have two bin
binary images

be filled within
the contour by

Interpolation F

rpolation that 
g the new co
for the layers

ve-Wire for 3D

ns of interest 
intensity dyn
3D objects in
hape, size and
ges from orth

s on the conce
ll introduce co
 and improve 

ire: 

have been dev
as a collection
hat gets segme

initial bounda
be redefined u
n the current 
ccumulated co

age segmentation

anced live-wir
nction is comp

their weight c

lidean Distanc

e contour whe
nary images f
s. We make d
n the binary im
y detecting on

Function: 

is reliant on G
ntours for the
 in between. 

D Images: 

within CT im
namic range[7
n order to impr
d boundary. W
hogonal plana

ept of the iter
ontrol parame
the new proce

veloped to ex
n of 2D segm
ented. Then, it
ary. Then, sev

using live-wire
image. Differ
ost along the b

 stages using mul

e algorithm to
prised of the 
constants. 

ce: 

ere the contour
for the two l

distances outsi
mage compare
nes and setting

Gaussian weig
e first and las

mages are a l
7]. In this m
rove the resul

We can extend
ars or iterativ

ative segment
eters and cost 
essed image. 

xtend the live-
mentations of t

t projects that 
veral control p
e paradigm to
rent segments
boundary does

ltilayer segmenta

o search for th
following ter

r pixels will h
layers. Then u
de and inside 
ed to the origi
g positive valu

ghted Euclidea
st layers, we 

little tricky to
method, we en
lts associated w
d the live-wire
vely adjusting

tation and adj
features to ha

-wire method 
the original 3D
slice to the ne

points are used
 produce a ne
s will be use
s not change m

 
ation technique 

he minimum v
rms: gradient 

have value of o
using city-blo
the contours n

inal image. Fi
ues to city-bloc

an distance. W
can interpola

o segment du
nhanced the 
with medical 
e method to 3
g boundaries 

justment of bo
arness the kno

to 3D. One te
D object. Iter
ext and previo
d to separate t

ew boundary s
ed iteratively 
much, the proc

alue function 
magnitude, L

ones and the re
ock transform
negative. Afte
inally, we find
ck distances o

We can interpo
ate the data in

ue to having s
live-wire-bas
CT images. R

3D either by p
starting from

oundaries mov
owledge acqu

echnique is to
rative Live-W
ous slice in or
this initial slic
segment that i
in order to a

cess ends. See

along any 
LoG edge 

est will be 
mation, we 
er that, we 
d the pixel 
only inside 

olate many 
n order to 

soft-tissue 
sed image 
Regions of 
processing 

m previous 

ving from 
uired from 

o consider 
Wire (ILW) 

rder to use 
ce evenly. 
is close to 
adjust the 
e Fig.7. 

Baki Koyuncu et al. / International Journal of Computer Science Engineering (IJCSE)

ISSN : 2319-7323 Vol. 7 No.06 Nov-Dec 2018 273



Resea
specialize
to reduce
quality i
segmenta
time. As 
applicatio

Futur
focus on 
more to a
image an
wider va
processin
automatic
Finally, d
that any i

[1] Gurur
Image

[2] Mishr
Intelli
Socie

[3] Rahim
level 
doi:10

[4] Coupr
rando
doi:10

[5] Versu
Image

[6] Zhang
interp
BME

[7] Lu, K
Intern

arch regarding
ed kind of task
e user interacti
images as we
ation since the
for 3D, metho

ons. 

re research re
reducing the

accommodate
nd determined
ariety of imag
ng field within
c methods sho
developing a s
improvement 

rajan, A., Sari-Sa
e Analysis & Inte
ra, A., Wong, A
igent Scissors (

ety(2008). doi:10.
ma, Z., Ahror, B.
sets techniques. 2
0.1109/atsip.2018
rie, C., Grady, L

om walker and
0.1109/iccv.2009
uti, T. A. B., Flor
e Segmentation. 2
g, J., Cui, Y., Lu
polation. 2017 10
I)(2017). doi:10.

K., Xue, Z. & W
national Conferen

Figure

g image segm
k that was req
ion while impr
ell as with n
e input of the
ods have been

egarding Intel
 input require

e for highly te
d by the user. 
ges. Also, 3D
n medical app
ould display t
super method 
on these algor

arraf, H. & Hequ
erpretation (SSIA
A., Zhang, W., C
(EIS). 2008 30th
1109/iembs.2008
., Basel, S., Dour
2018 4th Internat
8.8364479 
L., Najman, L. &
d optimal span
9.5459284 
res, F. C., Mulati,
2012 31st Interna
u, S. & Xiao, L. 
0th International 
1109/cisp-bmei.2

Wong, S. T. A r
nce of the IEEE E

e 7: Image segme

IV

mentation has
quired. These m
roving the acc
noise and low

e expert user i
n developed re

V.

lligent Scissor
ed to segment
extured image

Moreover, th
D semi-autom
lications. It al
the contour liv
that relies on 
rithms will pro

uet, E. Interactiv
AI)(2010). doi:10.
Clausi, D. & Fie
h Annual Intern
8.4649855 
raied, B. S. & So
tional Conference

& Talbot, H. Pow
nning forest. 20

, M. H. & Polido
ational Conferenc
Multilayer image
Congress on Im

2017.8302195 
robust semi-autom
Engineering in Me

entation using imp

V. CONCLUSIO

s been devel
methods prese
curacy of the i
w contrast. S
is quite valuab
elying on the 2

FUTURE WO

rs techniques 
t complex ima
es. It should a
he results prov
matic image s
lso requires m
ve as it starts
several differ

ovide improve

REFERENCES

ve texture segmen
1109/ssiai.2010.5

eguth, P. Improv
national Confere

ouhil, T. Segmen
e on Advanced T

wer watersheds: A
09 IEEE 12th

orio, A. M. AntSe
ce of the Chilean 
e segmentation b

mage and Signal 

matic approach f
edicine and Biolo

proved live wire 

ON: 

oped under m
ented in this re
image segmen
Some method
ble to produc
2D methods. 3

ORK: 

should focus
ages. Second,

also rely on m
vided for thes
egmentation 

more research a
s to calculate 
rent algorithms
ement for the s

S 
ntation via IT-SN
5483900  
ved interactive m
ence of the IEE

ntation of low-gra
Technologies for 

A new image seg
h International 

eg: The Applicati
Computer Scienc

based on Gaussia
Processing, BioM

for ROI segmen
ogy Society (EMB

for 3D 

many discipli
eview differ in
ntation. They a
ds moved int
e accurate seg
3D images als

s on several 
, the algorithm

more feature ty
se methods sh
is quite an e
anddevelopme
it. This will p
s might be adv
super method.

NAPS. 2010 IEEE

medical image se
EE Engineering 

ade gliomas base
Signal and Image

gmentation frame
Conference on

ion of Ant Colon
ce Society(2012).
an weighted Eucli
Medical Engineer

ntation in 3D CT
BC)(2013). doi:1

 

ines dependin
n certain ways
also try to dea
to the live i
gmentation an
so have many 

topics. First, 
m should be d
ypes extracted
hould be exten
essential part 
ent. Moreover
provide more 
vantageous in
. 

E Southwest Sym

egmentation usin
in Medicine a

d on the growing
e Processing (AT

ework extending
n Computer V

y Optimization to
 doi:10.1109/sccc
idean distance an
ring and Informa

T images. 2013 3
0.1109/embc.201

ng on the 
s. They try 
l with bad 
interactive 
nd to save 
important 

it should 
developed 
d from the 
nded for a 
of image 

r, all semi-
accuracy. 

n the sense 

mposium on 

ng Enhanced 
and Biology 

g region and 
TSIP)(2018). 

g graph cuts, 
Vision(2009). 

o Interactive 
c.2012.20 
nd nonlinear 
atics (CISP-

35th Annual 
13.6610700 

Baki Koyuncu et al. / International Journal of Computer Science Engineering (IJCSE)

ISSN : 2319-7323 Vol. 7 No.06 Nov-Dec 2018 274


	Image Segmentation Techniques usingIntelligent Scissors: A Review
	Abstract
	Keywords
	I. INTRODUCTION
	II. 2D INTELLIGENT SCISSORS METHODS
	III. 3D INTELLIGENT SCISSORS METHODS
	IV. CONCLUSION
	V. FUTURE WORK
	REFERENCES




