Mr. Stafford Michahail, Dr. Bindu A Thomas

50

| nteractive Image Segmentation

Mr. Stafford Michahail, Dr. Bindu A Thomas
Research Scholar, Prof and Head Dept. of ECE
VVIET, Mysore
Stafford03@gmail.com, binduwiet@gmail.com

Abstract— Efficient and effective image segmentation is an
important task in computer vision and object recognition. The
goa of image segmentation is to simplify and change the
representation of an image into something that is more
meaningful and easier to analyze. Hence it is typically used to
locate objects and boundaries (lines, curves, etc.) in images.

This paper presents an effective image segmentation
approach that even provides excellent results for complex images
using mean shift and minimal similarity based region merging
(MSRM). In the present work, user need to indicate only the
approximate location and region of the object and background by
using strokes which are called as markers.

A novel maxima similarity based region merging
mechanism is proposed to guide the merging process with the
help of markers. It achieves these goals by three steps. First
merging over-segmented regions according to maximal similarity
rule with few strokes as input, second detecting the possible
erroneous low contract object boundaries by analyzing image
content and third automatically refine those boundary regions
using both local and global information.

Keywords- MSRM, Low contrast image boundaries and Image
segmentation.

|. INTRODUCTION

Image segmentation is an integral part of many
applications in image processing which is used to separate
the desired section of the input image. In general, the color
and textural features in a natural image are very complex
so that the fully automatic segmentation of the object from
the background is a «iff task. Even though fully
automated segmentation techniques have been constantly
improving, however to the best of author’s knowledge,
there is rarely any automated image analysis technique
which can be applied autonomoudy with satisfactory
results in general cases. That is why the semi-automated
techniques are needed.

A semi-automated segmentation algorithm allows the
users to participate in the segmentation procedure and
gives some guidance for the definition of the desired
contents to be extracted, so we usualy call it as an
interactive segmentation.

The interactive image segmentation requires the
proper user’s intervention for segmentation process. Here,
user gives the clue for segmenting the image in the process
which leads to satisfactory results. Therefore,
semiautomatic or interactive segmentation method is
proposed, which use human expert knowledge as
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additional input and makes the segmentation problem
more tractable.

The interactive Segmentation methods aims at
minimizing the required user interaction time, while
maintaining firm user control to guarantee the correctness
of the results. In image segmentation, image similarity
measure plays an important role. Region merging for
object retrieval is an important task in many image
processing applications. It has a wide application in area
of crime prevention, intellectual properties, medical
diagnosis and web searching. The object segmentation
results influences the grouping of sub regions. So, accurate
object segmentation is possible if both high level and low
level priors are combined effectively.

The problem of image segmentation has gained a lot
of attention since the early days of computer vision
research. Automatic segmentation is a hard problem which
requires modeling the problem based on domain
knowledge. And even after that, some form of human
intervention is required to correct anomalies in the
segmentation.

The use of interactive image segmentation process
provides solutions to such problems. One such interactive
image segmentation proposed here is a novel interactive
region merging method based on the initial segmentation
of mean shift. In the proposed scheme, the interactive
information is introduced as markers, which are input by
the users to roughly indicate the position and main features
of the object and background. The markers can be the
simple strokes. The proposed method will then calculate
the similarity of different regions and merge them based
on the proposed maximal similarity rule with the help of
these markers. The object will then be extracted from the
background when the merging process ends.

I1. LITERATURE SURVEY

The literature survey explores various image
segmentation techniques that are used to partition the
image. Some of them are mean shift image segmentation,
watershed Image Segmentation, level set, clustering
methods, edge detection method, super pixel Image
Segmentation and Thresholding. These are classified as
low level image segmentation techniques and they usually
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divide the image into many small regions. Although may
have severe over segmentation, these low level
segmentation methods provide a good basis for the
subsequent high level operations, such as region merging.

[4]

A brief description about various image segmentation
techniques are as follows:

A. Mean-shift

Mean shift technique was first proposed by Fukunaga and
Hostetler and later adapted by Chengfor. The purpose of
image analysis is more recently extended by Comaneci,
Meer and Ramesh to low-level vision problems including
segmentation, adaptive smoothing and tracking. The main
idea behind mean shift is to treat the points in the d-
dimensional feature space as an empirical probability
density function where dense region in the feature space
corresponds to the local maxima or modes of the
underlying distribution. For the data point in the feature
space, one performs a gradient ascent procedure on the
local estimated density until convergence occurs. It
estimates the gradient if the probability density function to
detect modes in an interactive fashion. Hence image
segmentation that takes colour / intensity similarity as well
asloca connectivity into account can be obtained by using
the algorithm to the combined special range domain. [6]

B. Water shed image segmentation

Different watershed lines may be computed in the image
processing. The watershed lines can be defined on the
nodes, edges, hybrid lines on nodes. Watersheds may also
be defined in the continuous domain. There are also many
different algorithms to calculate the watersheds. The user
can apply different approaches to use the watershed
principle for image segmentation.

1. Loca minima of the gradient of the image may be
chosen as markers. In this case, an over-segmentation is
produced and a second step involves region merging.

2. Marker based watershed transformation makes use of
specific marker positions which have been either explicitly
defined by the user or determined automatically with
morphological operators or other ways [2][6].

C. Thresholding

Thresholding is an old, simple and popular technique
for image segmentation. Image segmentation by
thresholding is a simple but powerful approach for
segmenting images having light objects on dark
background. This technique is based on image space
regions i.e. on characteristics of image. This operation
converts a multilevel image into a binary image. A
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threshold is defined and then every pixel in an image is
compared with it. If the pixel lies above the threshold it
will be marked as foreground, and if it is below the
threshold it will be marked as background. The threshold
will most often be intensity or colour value. Other forms
of thresholding exist where the threshold is alowed to
vary across the image. But those techniques are considered
to be primitive and will only work for very simple
segmentation tasks.

Limitation of thresholding method is that, only two
classes are generated, and it cannot be applied to
multichannel images and it is sensitive to noise and
intensity in homogeneities. [3][6]

D. Edge detection

Edge detection technique is finding pixel on the region
boundary. This method attempts to resolve image
segmentation by detecting the edges or pixels between
different regions that have rapid transition in intensity
which are extracted and linked to form closed object
boundaries. The result is a binary image. Edge detection is
a fundamenta tool inimage processing, machine
vision and computer vision, particularly in the areas of
feature detection [3][6].

E. Clustering Methods

In this case, similarity criteria is defined between pixels,
and then similar pixels are grouped together to form
clusters. The grouping of pixels into clusters is based on
the principle of maximizing the intra class similarity and
maximizing the inter class similarity. The quality of a
clustering result depends on both the similarity measure
used by the method and its implementation [4][6].

F. Super pixel Image Segmentation

Many methods for object recognition, segmentation, etc
rely on tessellation of an image into \ super pixels'. A
super pixel is an image patch which is aligned with
intensity edges than a rectangular patch. Super pixels can
be extracted using any segmentation algorithm. However,
most of them produce highly irregular super pixels, with
widely varying sizes and shapes. A more regular space
tessellation may be desired. The super pixel partitioning
problem in an energy minimization frame work is
optimized using graph cuts. Energy function explicitly
encourages regular super pixels. The Variations of the
basic energy alows a trade-off between a less regular
tessellation but more accurate boundaries or better
efficiency [5].

The current work is based on the Mean Shift
algorithm, as it  provides lesser over-segmentation
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compared to other segmentation methods and also
provides the individuals with a brilliant building block
basis to work from, allowing for important real world
analysis of data. It is this concrete mode finding algorithm
that not only enhances other forms of segmentation when
used in combination, but also produces a more superior
form of image segmentation greater than the sum of its
parts. This extendibility and compatibility clearly
increases the worthiness and opportunities Mean Shift has
to offer. However, creating a single segmented image
based on Mean Shift may provide us with a good compact
description of a segmented image, but not a very flexible
one. A natura extension in order to gain such flexibility
would be to transform our single level image description
into a multi-layered hierarchal image description.

After the low level segmentation using mean shift
method we perform high level segmentation using MSRM
method which is abbreviated as maximal-similarity based
region merging as it is essentialy an adaptive region
merging method. [2]

G. Comparison of MSRM Technique with Graph Cut
Method

The comparison of MSRM method with another higher
level segmentation method called graph cut method is as
shown below: Since the original graph cut segmentation is
a pixel based method, for a fair comparison with the
proposed region based method. We extended the original
pixel based graph cut (denoted by GCP) to a region based
graph cut (denoted by GCR), i.e. the nodes in the graph
are mean shift segmented regions instead of the origina
pixels.

Figure 2.1 shows the segmentation results of the three
methods on eight test images. The first column shows the
mean shift initidl segmentation result and the input
markers (for the last four images, the image boundary is
set as the background marker), the second column shows
the results by GCP. The third column shows the results by
GCR and the fourth column gives the results by MSRM.
We can see that with the same user input markers, the
proposed MSRM method achieves the best results, while
GCR performs better than GCP.

It can be seen that GCR will miss some object region
sand wrongly label some background regions as object
regions

Quantitatively comparing the three methods includes
labelling the desired objects in the test images and taking
them as ground truth. This is then followed by
computation of the true positive rate (TPR) and false
positive rate (FPR) for these segmentation results as
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shown in Table 2.1. The TPR is defined as the ratio of the
number of correctly classified object pixels to the number
of total object pixels in the ground truth, and the FPR is
defined as the ratio of the number of background pixels
but classified as object pixels to the number of background
pixels in the ground truth. Obviously, the higher the TPR
isand the lower the FPR is, the better the method is. Table
2.1 aso lists the TPR and FPR results by the three
comparison methods on the eight test images in Figure.
2.1. We can see that MSRM has the highest TPR and the
lowest FPR simultaneoudly, which implies that it achieves
the best segmentation performance. [5][6]

' ﬂﬂﬁ

Figure 2.1 Comparison between graph cut and proposed

method.
Image Method TPR (X) FPR (X}
Fruit GGy 93.14 237
GCy 96.56 3.3
MSEM a98.97 037
Woman GCp 97.58 299
Gl 9682 073
MSRM 28.53 044
Bird GGy 87.49 3164
Gl G062 155
MSREM 94.64 029
Dogs Gy 6679 068
[ 78.99 032
MSREM 92.85 o.a1
Mona Lisa GCe 54.08 202
Gl 90.71 2.34
MSREM 98.85 T
Flower GG 95.20 209
Gl 96.67 246
MSREM 97.59 1.08
Tiger CCp 6850 1253
Gy 79.20 242
MSRM 9170 075
Starfish-1 GCe 77.50 235
Gy 87.42 266
MSRM 90.25 026

Table 2.1 The TPR and FPR values of different
methods on test images

1. DESIGN METHODOLOGY

This section includes the block diagram of interactive
image segmentation and required design specifications.

ISSN: 2320-9569) Vol. 11, Issue. 2, June 2015



Mr. Stafford Michahail, Dr. Bindu A Thomas 53

A. Block Diagram

4. Merging the regions into foreground and background-
The user first marks the foreground and background
regions with short strokes. The background regions
are then merged using the MSRM rule. However,
instead of using computationally expensive colour
histograms, the mean colour of each region are used.
Then the initial labeling of each region, either
foreground (marked as 1) or background (marked as
0) is generated. Our initial over-segmentation outputs
regions that are bigger than 20 pixels. It is assumed
that the strokes provided by the user are sparse but
pick the visualy distinct regions. Given these two
conditions, one round of boundary refinements was
enough in our experiments.

The block diagram for interactive image segmentation is
as shown in figure 3.1.Figure 3.1 shows the work flow of
our approach. The strokes are first input to extract
sampling of foreground and background of the source
image. After over-segmenting the source image to
generate many regions, they are merged into background
and foreground using the MSRM rule producing the initial
image segmentation. Next, suspicious low-contrast object
boundaries are detected. Pixels in those boundary regions
are re-classified to decide which class the boundary region
belongs to and the region is re-labeled if necessary. After
all suspicious boundary regions are processed, the final
segmented image is obtained.

INPUT - o .
soURCE | i ron | bl 5. Detecting suspicious low-contrast object boundary
SArTING FOREGROUIND [INE STROKES regions-This involves finding candidate regions for
- more careful analysis. Here, it is required to consider
W PR e = regions at the boundary between the foreground and
EOUNDARIES AND E REGIONS INTO _,1_| TO DIVIDE IT INTO REGIONS. the backgrourﬁld, and a|SO the ones WhOSG CO|0UI’S are
oo <1;'E:§E§§§ﬂ:f§ AND [y similar but whose |abels differ. The boundary regions

Upq are defined as the regions that have atleast one
B;neighboring region with a different initial labeling.
For example, if aforeground region 4; has a neighbor
B; that is marked as background, then A; and B; are

%
RE-CLASSIFY THE FIXCELS IN THE
EOUNDARY REGION TO
FOREGROUND AND
BACKGROUND

. |OBTAIN THE FINAL IMAGE WITH THE
i FOREGROUND SEFERATED FROM EACKGROUND

Figure 3.1 Block diagram of interactive image
segmentation.

B. Working

The detailed descriptions of various steps involved in

interactive image segmentation are as follows.

boundary regions. It aso required that such regions
share a boundary that is at least 4 pixels long. For
each boundary region, the mean colour p,, is
calculated, and the neighbor of opposite label with the
most simtilar mean colour is found. Finaly all the
boundary regions are sorted according to their
minimal color differences d,7 , and then the regions

With d,” < dpyresn are Selected as the suspicious low-
contrast object boundary regions to be refined. The
threshold dipresn 1S SMply the median colour
difference over all boundary region pairs such that

1. Obtaining the source image-This involves selection of one reaion is forearound and the other one is
the image on which segmentation is required to be back re(?un d 9
performed and giving it as an input to the system in 9 '
order to obtain the image separated from background. Refine suspicious boundary regions and obtaining the
o . . . final image- After all suspicious low-contrast object
2. Giving user input in terms of strokes for sampling and :
extracting the foreground and background- This bgggg?ry rggsﬁgje dﬁ;ge?tt?gyalirzneglytzheg at‘?]g
involves user giving some interactive information as PosSIbly A ) :
inputs in terms of green and blue markers, and initial segmentation using the mean-shift agorithm
extracting the foreground and background. The green includes the correct region boundar_y. Us ng _the local
marker represents the object while the blue markers and_ global |nformgt|on Of _the pixels inside each
represent  the background and  extracting  the region, each pixel is classified to be foreground or
forearound and backaround background. Then the number of foreground and
€ 9 ' background pixels is counted inside each region. If
3. Over segmenting the image to divide it into region-. one region has more foreground pixels, it is classified
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This involves the mean shift segmentation which
results in over segmentation for both the target object
and background. In this case, the user is required to
implicitly specify the regions which are located in the
border of the image as background markers by
drawing the object markers (green strokes) in the
image.

as a foreground region, otherwise as background. The
final image is then obtained by separating foreground
from background.
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C. Mean shift fmage Segmentation Algorithm

1. Givens;, form x; = (s;, F(s;) )" set j=1 and Y;;
- X

2. Form a new set s = {x,. k=1, 2, 3....... n} from
the image centred a s; and within domain

bandwidth hg.Compute the new center:

mw
; X 8(

— k=1
[¥iy ~ sk

]
; g(| h‘d
“k=1

yip = skl |- PR,
I—T |

Vij+1 =
)Z

i~ Flsi)
)23(11” hr(k‘

3. Compute the mean shift mg(¥i;) = ¥ij+1 - (Vij)-

4. If |img(yipll <€, (9. €=0.01) go to step 5.
Otherwise: |~ j+1 and repeat Steps 2-3.

5. Set the converged value, assign filtered value
Vic < Vij+1- Assign filtered value as converged
range vector F(s;) «—¥ie.

6. Repeat Steps 1-5 untl all

converges.

pixels in image

D. MSRM Algorithm
Input: the initial mean shift segmentation result. Output:
the final segmentation map.

While there is region merging in the last loop

Stage 1. Merging non-marker regions in N, with marker
background regions in My Input: the initial segmentation
result or the merging result of the second stage.

(1-1) For each region B € Mg, form these to fits adjacent
regions Sp= {A;}i=123..r- -

(1-2) For each 4; and A; /1 My, form its set of adjacent
regions Su; = {S7""}jc123.k -There is B Sy; .

(1-3) Calculate p (A;,5). 1fp (A;B)= maxj_ 3.4 =p
(A;,Sf*"), then B = 8" A;. Otherwise, B and will 4; not
merge.

(1-4) Update M; and N accordingly.

(1-5) If the regionsin My will not find new merging
regions, the first stage ends. Otherwise, go to back to (1-
1)..

International Journal of Emerging Trends in Electrical and Electronics (IJETEE —ISSN: 2320-9569)

Stage 2. Merging non-marker regionsin N adaptively
Input: the merging result of the first stage.

(2-1) for each region P N, form the set of its adjacent
regions S, ={H; }i=123..p

(2'2) for each H(' that Hi /€ MB and /H(E Ma, form its set
of adjacent regions Sy; = {5/} /21,23, ThereisP Sy,
(2-3) Calculate p ( H; , S ). If p(P, H; )=
Maxj-13.6=L2....k p(H;, $'), then P = P "' H; .
Otherwise, P and H; will not merge.

(2-4) Update N.

(2-5) If the regionsin N will not find new merging region,
the second stage stops. Otherwise, go back to (2-1).

END

E. System Requirements

1. Windows XP (Service Pack 2 or 3) or Windows
2003 (Service Pack 2 or R2).

Intel Pentium 4 processor or above.

512 MB RAM (a least 1024MB RAM
recommended).

600 MB disk space.

16-, 24-, or 32-bit OpenGL capable graphics adapter.
CD-ROM or DVD drive (for installation).

E-mail (required), internet access (recommended) for
product activation.

wnN

No ok~

IV. EXPERIMENTAL RESULT

Figure 5.1(b) and Figure 5.1(c) gives the experimental
results of mean shift and MSRM segmentation techniques
when applied to Figure 5.1(a).

Figure 5.1(a): Origina image.
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Figure 5.1(b) Mean shift segmented image.

Figure 5.1(c) Result of MSRM technique.

V. CONCLUSION

Image segmentation has a promising future as the
universal segmentation algorithm and has become the
focus of contemporary research. In spite of several
decades of research upto now to the knowledge of authors,
there is no universally accepted method for image
segmentation. As the result of image segmentation is
affected by lots of factors, such as. homogeneity of
images, spatial characteristics of the image continuity,
texture, image content. The image is initially segmented
by mean shift segmentation as it reduces the over
segmentation .The users only need to roughly indicate the
main features of the object and background by using some
strokes, which are called markers. Since the object regions
will have high similarity to the marked object regions and
so do the background regions, a novel maximal similarity
based region merging mechanism may be used to extract
the object. This scheme is simple yet powerful and it is
image content adaptive.

With the similarity based merging rule, a two
stage iterative merging algorithm is presented to gradually
label each non-marker region as either object or
background. This method provides a general region
merging framework.
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