
  
Abstract—Interactive image segmentation has many applications 

in image processing, computer vision, and computer graphics. Since 
the color and texture features in a natural image are very complex, 
the fully automatic segmentation of the object from the background is 
a big challenge. Therefore, the proposed system presents a new 
region merging method based on the color and texture features for 
interactive image segmentation.  In the proposed system, an initial 
segmentation is required to partition the image into homogeneous 
regions for merging. After finishing the initial segmentation, it is 
necessary to represent initial segmented regions by means of some 
descriptors such as color and texture to guide the region merging 
process.  Therefore, the proposed method is effective and can quickly 
and accurately segment a wide variety of natural images with ease. 
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I. INTRODUCTION 
NTERACTIVE image segmentation involves minimal user 
interaction to incorporate user intention into the 
segmentation process and is an active research area in recent 

years because it can achieve satisfactory segmentation results 
that are unattainable by the state-of-the-art automatic image 
segmentation algorithms. This paper considers the same 
problem of how to interactively segment a foreground object 
out from its surrounding background. Our goal is to develop 
intuitive and intelligent image segmentation algorithms and 
tools that allow users to interactively guide the segmentation 
algorithm via a small amount of intuitive interactions until a 
satisfactory segmentation result that reflects both user 
intentions and photometric features is achieved. Interactive 
image segmentation, which incorporates small amount of user 
interaction to define the desired content to be extracted, has 
received much attention in the recent years. Many interactive 
image segmentation algorithms have been proposed in the 
literature. Semi-automatic segmentation methods 
incorporating user interactions have been proposed and are 
becoming more and more popular. The low level image 
segmentation methods such as mean shift, watershed, level set 
and super-pixel usually divide the image into very small 
regions. Although they may have severe over segmentation, 
these low level segmentation methods provide a good basis for 
the subsequent high level operations, such as region merging 
[3]. 

In general, interactive image segmentation algorithms can 
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be classified into two categories: boundary-based approaches 
and region-based approaches. In boundary-based approaches, 
the user is often asked to specify an initial area that is close to 
the desirable boundary. The active contours/Snake method [4] 
attempts to evolve an initial contour toward the object 
boundary. The boundary-based approaches require great care 
to specify the boundary area or the boundary points, especially 
for complex shapes. Most recent interactive image 
segmentation algorithms take the regional information as the 
input. In particular, in region-based approaches, the user is 
often asked to draw two types of strokes to label some pixels 
as foreground or background, after which the algorithm 
completes the labeling of all other pixels. State-of-the-art 
region based interactive segmentation algorithms include 
Graph Cut based methods [1], Random Walks based methods 
[3] and Geodesic methods. All these methods basically treat 
an image as a weighted graph with nodes corresponding to 
pixels in the image and edges being placed between 
neighboring pixels, and minimize a certain energy function on 
this graph to produce segmentation.  

The rest of this paper is organized as follows.  Section II 
reviews the related works of the proposed method.  Section III 
describes for the overview of the proposed method.  Section 
IV discusses results and discussion.  Section V concludes the 
paper. 

II. RELATED WORKS 
Interactive graph cuts were first proposed by Boykov and 

Jolly. The system builds a graph where each node represents a 
pixel and the edges connect adjacent pixels. The algorithm 
uses the seeds as constraints to minimize a cost function and 
cut the graph in the best place to separate the background from 
the foreground. Graph cuts are one of the most popular 
interactive segmentation systems and several variations of this 
technique have been proposed. One popular variation is the 
GrabCut created by Rother et al [1]. 

Early interactive image segmentation algorithms utilize 
either regional properties such as Adobe’s magic wand or 
boundary properties such as active contour [4] and intelligent 
scissors. The magic wand tool starts with a small user 
specified region. The region grows through connecting 
neighboring pixels that fall within some adjustable tolerance 
range of the color statistics of the specified region. While the 
user interface is straightforward, finding the correct tolerance 
level is often cumbersome and sometimes impossible. Because 
the distribution in color space of foreground and background 
pixels has a considerable overlap, a satisfactory segmentation 
is not achieved. The intelligent scissors algorithm requires the 
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user to place points along the desired contour of the 
foreground object. Dijkstra’s shortest path algorithm is used to 
compute the path between neighboring points. However, in the 
cases of low contrast or noisy boundaries, the shortest path 
may “shortcut” the desired boundary. This can be improved by 
using more effective arc weights [8]. Another problem with 
the intelligent scissors is that for highly textured (or un-
textured) regions there exists many alternative “minimal” 
paths, which requires a large number of user interactions in 
order to obtain a satisfactory result [7]. 

In this paper, the novel interactive region merging method 
based on the initial segmentation of mean shift is proposed. 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 (e.g. the green and blue 
lines). The proposed method will 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.  

III. PROPOSED METHOD 
In this paper, for the region merging, mean shift algorithm 

is used for the initial segmentation and it preserves the 
boundary well. Figure 1 shows the result of the initial 
segmentation by using the mean shift algorithm. 

 
Fig. 1 (a) Original Input Image (b) The result of the mean shift 

algorithm 

A. Region Representation 
After finishing the mean shift initial segmentation, it is 

necessary to represent these regions using some descriptor and 
define a rule for merging. A region can be described in many 
aspects, such as the color, edge, texture, shape and size of the 
region. Among them the color histogram is an effective 

descriptor to represent the object color feature statistics and it 
is widely used in pattern recognition and object tracking, etc. 
In the context of region merging based segmentation, color 
histogram is more robust than the other feature descriptors. 
Therefore, the color histogram to represent each region is 
used. The RGB color space is used to compute the color 
histogram in this work. Each color channel into 16 levels and 
then the histogram of each region is calculated in the feature 
space of 16×16×16 = 4096 bins are uniformly quantized. 
Denote by HistR the normalized histogram of a region R.  

In the interactive image segmentation, the users will mark 
some regions as object and background regions. The key issue 
in region merging is how to determine the similarity between 
the unmarked regions with the marked regions so that the 
similar regions can be merged with some logic control. 
Therefore, it is necessary to define a similarity measure ρ(R, 
Q) between two regions R and Q to accommodate the 
comparison between various regions. Bhattacharyya 
coefficient is used to measure the similarity between R and Q. 
𝜌(𝑅,𝑄) = ∑ �𝐻𝑖𝑠𝑡𝑅

𝜇 − 𝐻𝑖𝑠𝑡𝑄
𝜇4096

𝜇                                        (1) 

where HistR and HistQ are the normalized histograms of R and 
Q, respectively, and the superscript u represents the uth 
element of them. Bhattacharyya coefficient ρ is a divergence-
type measure which has a straightforward geometric 
interpretation. 

B. Gabor filter 
 Image texture refers to the variation of color patterns within 
the image. Image regions with high levels of texture are 
typically non-homogenous. For this reason, it is difficult to 
rely entirely on color discrimination to identify both 
homogeneous regions and the boundaries or edges between 
those regions. Texture is an important feature for image 
representation. Therefore, for the texture descriptor, Gabor 
filter is used. Oriented filter banks have proven to be an 
effective method to characterize textures [9]-[10]. It is 
primarily used local statistics of oriented filter responses to 
differentiate textures. In this paper, 24 Gabor filters is used at 
six orientations and four scales at every pixel, and such 
filtering is performed for each of the three color channels 
separately. Thus, every pixel has a 72-component filter 
response vector. Figure 2 shows the example results of the 
texture segmentation by using Gabor filter. 
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Fig. 2 (a) Original Input Image (b) The output of the Gabor filter 

C. Object and Background marking 
In the interactive image segmentation, the users need to 

specify the object and background conceptually. Similar to the 
users can input interactive information by drawing markers, 
which could be lines, curves and strokes on the image. The 
regions that have pixels inside the object markers are called 
object marker regions, while the regions that have pixels 
inside the background markers are called background marker 
regions. The green markers to mark the object while using 
blue markers to represent the background are used. A small 
portion of the object regions and background regions will be 
marked by the user. Actually, the less the required inputs by 
the users, the more convenient and more robust the interactive 
algorithm is after object marking, each region will be labeled 
as one of three kinds of regions: the marker object region, the 
marker background region and the non-marker region. To 
completely extract the object contour, the proposed method 
automatically assigns each non-marker region with a correct 
label of either object region or background region. 

D. Maximal Similarity Based Region Merging Rule 
Object and background markers provide some key features 

of object and background, respectively. The proposed region 
merging method also starts from the initial marker regions and 
all the non-marker regions will be gradually labeled as either 
object region or background region. In this work, an adaptive 
maximal similarity based merging mechanism to identify all 
the non-marker regions under the guidance of object and 
background markers is presented. Let Q be an adjacent region 
of R and denote by SQ = {Si

Q} i= 1, 2, q the set of Q's adjacent 
regions. The similarity between Q and all its adjacent regions, 

i.e. ρ(Q, Si
Q), i =1,2, . . . ,q, are calculated. Obviously R is a 

member of SQ. If the similarity between R and Q is the 
maximal one among all the similarities ρ(Q, Si

Q), R and Q will 
be merged. The following merging rule is defined: Merge R 
and Q 
𝜌(𝑅,𝑄) = 𝑚𝑎𝑥𝑖=1,2,………𝑞𝜌�𝑄, 𝑆𝑖

𝑄�                                        (2)  
The merging rule (2) is very simple but it establishes the basis 
of the proposed region merging process. One important 
advantage of (2) is that it avoids the presetting of similarity 
threshold for merging control. 

E. Region Merging  
The whole maximal similarity based region merging 

process can be divided into two stages, which are repeatedly 
executed until no new merging occurs. The region merging 
process is to merge background regions as many as possible 
while keep object regions from being merged. After merging 
all the background regions, it is equivalent to extracting the 
desired object. Some two-step strategies have been used for 
image pyramid construction. The proposed strategy aims for 
image segmentation and it is guided by the markers input by 
users. In the first stage, the merge marker background regions 
are merged with their adjacent regions. For each region B 
𝟄MB, we form the set of its adjacent regions SB = {Ai}i=1,2,...,r. 
Then for each Ai and Ai ∉ MB, we form its set of adjacent 
regions SAi= {SAi

j} j=1,2,...,k. It is obvious that B𝟄 SAi. The 
similarity between Ai and each element in SAi, i.e. ρ (Ai, SAi

j ), 
is calculated. If B and Ai satisfy the rule, then B and Ai are 
merged into one region and the new region will have the same 
label as region B: 

B = B U Ai                                                             (3) 
Otherwise, B and Ai will not merge. 

The above procedure is iteratively implemented. The sets 
MB and N will be updated. Specifically, MB expands and N 
shrinks. The iteration stops when the entire marker 
background regions MB will not find new merging regions. 
After the region merging of this stage, some non-marker 
background regions will be merged with the corresponding 
background markers. However, there are still non-marker 
background regions which cannot be merged because they 
have higher similarity scores with each other than with the 
marker background regions. To complete the task of target 
object extraction, in the second stage the non-marker regions 
N will focus in remained from the first stage. Part of N 
belongs to the background, while part of N belongs to the 
target object. In this stage, the non-marker object regions will 
be fused each other under the guidance of the maximal 
similarity rule and so do the non-marker background regions. 
After the first stage, for each non-marker (background or 
object) region P 𝟄N, we form the set of its adjacent regions 
SP= {Hi}i=1,2, ...,p. Then for each Hi that Hi ∉ MB and Hi ∉ Mo, 
we form its set of adjacent regions SHi={Sj

Hi }j=1,2, ...,k. There is 
P𝟄 SHi. The similarity between Hi and each element in SH, i.e. 
ρ (Hi , Sj

Hi ), is calculated. If P and Hi satisfy the rule (2), i.e. 
then P and Hi are merged into one region. Otherwise, P and Hi 
will not merge. 

The above procedure is iteratively implemented and the 
iteration stops when the entire non-marker region set N will 
not find new merging regions. Finally, the target object can be 

International Conference on Advances in Engineering and Technology (ICAET'2014) March 29-30, 2014 Singapore

http://dx.doi.org/10.15242/IIE.E0314056 82



extracted from the corresponding background. Fig 3 shows the 
overflow of the proposed system. 

 
Fig 3. Flowchartof Proposed System 

IV. RESULTS AND DISCUSSION 
The objective of the proposed system is to achieve robust 

and accurate segmentation in different natural scene images. 
The Berkeley segmentation dataset is used for the experiment 
of the proposed method. Table 1 shows the size and number of 
regions after finishing the initial segmentation by using mean 
shift algorithm. The initial segmentation is very valuable for 
segmentation the object from its background in the interactive 
scheme. 

TABLE I 
INITIAL SEGMENTATION RESULT OF DIFFERENT IMAGES 

Image Size of image Number of regions 
after initial 

segmentation 

One Flower 229*216 236 

Two Flowers 481*321 1248 

Fruit 259*329 218 

Starfish-1 444*417 2353 

Starfish-2 448*368 1572 

Monkey 360*414 2018 

 
Fig 4 shows the straightforward examples for segmenting 

the target object from the background with the user input 
markers. Since the proposed method is mainly based on color 
and texture features for region merging to extract the desired 
object, it is very convenient for these examples to get the 
accurate result. However, for some natural scene images such 
as complex background, it may require more user input 

markers to achieve the satisfying result. Therefore, in the 
proposed method, the color and texture features are used for 
region merging for the complex images.  

 

 
Fig. 4 (a) Original Input Image (b) The source images with user input 
stokes, where blue strokes are used to mark the background regions, 
and red strokes are used to mark the foreground regions (c) Result 

obtained by the proposed method 

If the foreground color of the object overlaps with its 
background color in some images, the color feature is not 
sufficient information to extract the object. Therefore, the 
integration of color and texture features is considered in the 
proposed method for region merging.  Fig 5 shows the result 
of segmenting the foreground from the complex background 
with less user inputs because of the advantages of the 
proposed method. 

 

International Conference on Advances in Engineering and Technology (ICAET'2014) March 29-30, 2014 Singapore

http://dx.doi.org/10.15242/IIE.E0314056 83



 

 
Fig. 5(a) Original Input Image (b) The source images with user input 
stokes, where blue strokes are used to mark the background regions, 

and red strokes are used to mark the foreground regions(c) Result 
obtained by the proposed method  

V. CONCLUSION 
Interactive image segmentation is still a challenging 

problem. Therefore, a robust interactive image segmentation 
method is proposed in this paper. The user input strokes are 
very important for the foreground and background to get a 
desired object accurately. Color and texture are critical factors 
in human visual perception. In this paper, the color and texture 
features are mainly used in the region merging process. So, it 
is very convenient for segmenting the object from the complex 
background in interactive scheme. Measurement of color and 
texture in combination, rather than color or texture alone, 
would provide better discriminating power. Therefore, by 

integrating the color and texture features for the interactive 
scheme, the accurate result may be achieved. 

 
ACKNOWLEDGMENT 

I would like to thank especially to my supervisor, Dr. Kay 
Thi Win, UCSM for her advice, guidelines and kindness for 
my paper and research. Moreover, I’m very thankful to my 
Rector, Dr. Mie Mie Thet Thwin, UCSM for my research. 

REFERENCES 
[1] C. Rother, V. Kolmogorov, and A. Blake, “Grabcut: Interactive 

foreground extraction using iterated graph cuts,” in ACM SIGGRAPH , 
2004. 

[2] J. Ning, L. Zhang, D. Zhang, and C. Wu, “Interactive image 
segmentation by maximal similarity based region merging” ,Pattern 
Recognition, 2009. 

[3] W. Yang, J. Cai, J. Zheng, and J. Luo, “User-friendly interactive image 
segmentation through unified combinatorial user inputs,” IEEE 
Transactions on Image Processing, 2010. 

[4] M. Kass, A. Witkin, and D. Terzopoulos, “Snakes: Active contour 
models,” IJCV, vol. 1, no. 4, pp. 321–331, 1988. 
http://dx.doi.org/10.1007/BF00133570 

[5] X. Bai and G. Sapiro, “Distance cut: interactive segmentation and 
matting of images and videos,” in IEEE Intl. Conf. on Image Processing 
(ICIP), 2007. 

[6] KBlake, C. Rother, M. Brown, P. Perez, and P. Torr, “Interactive image 
segmentation using an adaptive GMMRF model,” Lecture Notes in 
Computer Science, 2004. 

[7] Y. Boykov and M.-P. Jolly, “Interactive graph cuts for optimal boundary 
and region segmentation of objects in N-D images,” in ICCV, 2001. 

[8] B. Manjunath and W. Ma, “Texture Features for Browsing and Retrieval 
of Image Data,” IEEE Trans. Pattern Analysis and Machine Intelligence, 
vol. 18, no. 8, pp. 837-842, Aug. 1996. 
http://dx.doi.org/10.1109/34.531803 

[9] T. Leung and J. Malik, “Representing and Recognizing the Visual 
Appearance of Materials Using Three-Dimensional Textons,” Int’l J. 
Computer Vision, vol. 43, no. 1, pp. 29-44, 2001. 
http://dx.doi.org/10.1023/A:1011126920638 

[10] Yugang Liu and Yizhou Yu, “Interactive Image Segmentation Basedon 
Level Sets of Probabilities”, IEEE Trans.onVisualizationand Computer 
Graphics, vol. 18, 2012 

[11] D. Comaniciu and P. Meer, “Mean shift: A robust approach toward 
feature space analysis,” IEEE Transactions on Pattern Analysis and 
Machine Intelligence, 2002. 
http://dx.doi.org/10.1109/34.1000236 

[12] Thi Nhat Anh Nguyen, Jianfei Cai,” Robust Interactive Image 
Segmentation UsingConvex Active Contours”,IEEE Transactions on 

Image Processing, 2011. 
[13] Wenbing Tao; Hai Jin; YiminZhang , 
"Color Image Segmentation Based on Mean 
Shift and Normalized Cuts," Systems, Man, and 
Cybernetics, Part B: Cybernetics, IEEE 
Transactions on , vol.37, no.5, pp.1382,1389, 
Oct. 2007.  
 
May Thu Win is a Ph.D candidate in the 
University of Computer Studies, Mandalay, 

Myanmar. She received master degree of computer technology from 
University of Computer Studies, Mandalay. Her research interested areas 
mainly focus on image analysis and computer vision.   
 
 

International Conference on Advances in Engineering and Technology (ICAET'2014) March 29-30, 2014 Singapore

http://dx.doi.org/10.15242/IIE.E0314056 84

http://dx.doi.org/10.1007/BF00133570
http://dx.doi.org/10.1007/BF00133570
http://dx.doi.org/10.1007/BF00133570
http://dx.doi.org/10.1109/34.531803
http://dx.doi.org/10.1109/34.531803
http://dx.doi.org/10.1109/34.531803
http://dx.doi.org/10.1109/34.531803
http://dx.doi.org/10.1023/A:1011126920638
http://dx.doi.org/10.1023/A:1011126920638
http://dx.doi.org/10.1023/A:1011126920638
http://dx.doi.org/10.1023/A:1011126920638
http://dx.doi.org/10.1109/34.1000236
http://dx.doi.org/10.1109/34.1000236
http://dx.doi.org/10.1109/34.1000236
http://dx.doi.org/10.1109/34.1000236



