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Abstract 

A fundamental problem in image processing is 

image segmentation. The conventional image 

segmentation methods, to some extent, all suffer from 

the problem of inaccurate segmentation. A slightly 

easier and more approachable problem, interactive 

segmentation, has also received a lot of attentions over 

the years. In this paper, we propose a fast and simple 

interactive image segmentation technique. This 

segmentation process is conducted in two modules. 

First, the original image is detected by canny edge 

detection method. Second, the object ofinterest is 

segmented by using the region merging based on 

maximal similarity. In this work, color feature is used 

to measure the closeness between two regions and 

accordingly the label of the unmarked region is 

decided. The proposed method extracts the object from 

the complex background in the image. The 

effectiveness of the proposed method is validated by 

experimental results and compared with other method. 

Keywords: Interactive Image Segmentation,Edge 

Detection,RGB color histogram, Region Merging 

1. Introduction 

Image segmentation is an essential procedure in 

image analysis tasks such as image visualization, 

description, recognition, and object based compression. 

Many techniques have been proposed to achieve 

segmentation and can be classified into three groups: 

thresholding, edge-based, and region-based methods. 

Intensity thresholding technique which is the oldest 

segmentationmethod is still widely used in some 

applications since it is computationally inexpensive. 

An image in the thresholding method is assumed to be 

composed of several similar intensity objects on the 

background. However, the number of similar intensity 

classes is difficult to determine. On the other hand, 

edge-based methods are based on the assumption of 

that the abrupt change of intensity in an image 

corresponds to the boundary between objects. 

However, the edge detection procedure always 

produced many false edges. Edge relaxation procedure 

is needed to obtain the true closed boundaries. 

Unfortunately, the edge procedure is complicated and 

very time consuming [13]. 

Interactive 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 

intuitiveinteractions until a satisfactory segmentation 

result that reflects both user intentions and photometric 

features is achieved [10]. 

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 compares the results with other 

method. Section VI concludes the paper. 

2. Related Works 

Interactive image segmentation is a popular field 

of researchin computer vision. The aim of an 

interactive segmentationframework is to extract one or 

more foregroundobjects from the background. 

Applications for interactiveimage segmentation include 

photo editing and medical imageanalysis. 

Most recent algorithms such as the graph cut 

basedmethods [11], [13], [2] consider both regional and 

boundary properties. With the graph cut based 

methods, an image is modeled as a graph where each 

node represents a pixel and two neighboring nodes are 

connected with a weighted edge defined as the distance 

between the pixel values. Moreover, the graph cut 

algorithm [11] models foreground and background 

pixel values according to histograms. Particularly, two 
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virtual nodes are added to the graph to denote the 

foreground and the background models. The max-

flow/min-cut algorithm is employed to classify the 

nodes. To initialize the models, both foreground and 

background seeds are needed. 

GrabCut [2] was introduced by Rother et al. in 

2004.It is based on the works of Boykov et al. [11] by 

iterativelyperforming Graph Cuts. The user provides a 

rectanglearound the desired object as an initial 

segmentation.This segmentation is used to approximate 

the appearanceof the foreground and 

backgroundrespectively by GaussianMixture Models 

(GMMs). The negative log-likelihoods ofthe GMMs 

are assigned to each pixel and Graph Cut is usedto 

update the segmentation. These steps are repeated 

iteratively. 

Similarly, Scheuermann et al. [1]proposed an 

interactivesegmentation scheme based on level-sets and 

Dempster’stheory of evidence. Here, the user provides 

severalstrokes marking object and background regions. 

The histogramsof these regions are included in a 

continuous energyfunction usingDempster’s rule of 

combination. Thedefined energy function is minimized 

iteratively by solvingthe corresponding Euler-Lagrange 

equation [8]. 

Recently, the random walks algorithm and its 

extensions [6], [7], which also model an image as a 

graph, have been adoptedfor various image processing 

tasks. It has been demonstratedin [6] that the random 

walks algorithm can achieve betterimage segmentation 

performance than the graph cut algorithm.Similarly, 

the random walks algorithm requires the input 

offoreground and background seeds. However, the 

random walksalgorithm lacks a global color 

distribution model; therefore it isvery sensitive to the 

positions and quantities of foreground andbackground 

seeds. The random walks algorithm is essentially an 

approach that minimizes a Dirichlet energy with 

boundaryconditions, where different boundary 

conditions (differentinput seeds) always result in 

different harmonic functions. 

In this paper, the interactive region merging 

method based on the initial segmentation of canny edge 

detection with a threshold is proposed. The main 

objective of the proposed method is to get the accurate 

result although the input image is the camouflage 

image. 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. And then, 

we analyze the effectiveness of the proposed method 

for comparing the different results between the 

proposed method and other method. 

3. System Overview 

In this paper, there are two major parts in the 

proposed system: the edge detection and the region 

merging for the interactive image segmentation. 

 

Input

Canny Edge Detection with a threshold

Mark the input image with strokes for
foreground and background

Merge the regions using the color feature

Segmented Object from the background

Figure 1. Flowchart of proposed system

 
There are many low level initial segmentation 

algorithms such as mean shift, watershed and level set. 

However, in our proposed system, firstly, the canny 

edge detection with a threshold is used for detecting the 

edges of the input image. Therefore, there are many 

edge detection techniques in the state-of-the-art. 

Among them, we choose the canny edge detection 

technique because it is the most powerful method and 

also preserves the edges of the input image well. 

And then, the color histogram is used for 

representing the different regions. The object and 

background markers are marked by the user which 

object the user wants to segment. In this step, the user 

inputs are very important to get the accurate result for 

the interactive scheme. And then, the region merging 

based on the maximal similarity is used to extract the 

object of interest by using the input markers. 

Therefore, we get the object from the corresponding 

background by merging the different regions with the 

user input markers. Figure 1 shows the flowchart of the 

proposed system. 

3.1. Edge Detection 

 The canny edge detector is an edge 

detection operator that uses a multi-stage algorithm to 
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detect a wide range of edges in images. It was 

developed by John F. Canny in 1986. Canny also 

produced a computational theory of edge 

detection explaining why the technique works.Canny's 

aim was to discover the optimal edge detection 

algorithm. In this situation, an "optimal" edge detector 

means: 

1. Good Detection: There should be maximum 

probability of detecting real edge point and 

minimum of false edgepoints. This results in 

to the maximized signal to noise ratio. 

2. Good Localization: There should be 

maximum possibility of detected edge 

closeness to the real edges. 

3.  Minimal Responses: One real image should 

result in to only one detected image. 

 

3.1.1. Canny Edge Detection Algorithm  

Step 1: Noise reduction by smoothing with Gaussian 

Filter. 

It is well known that whatever we capture from 

a camera will contain some amount of noise, so there is 

a probability of mistaken noise as an edge, therefore 

noise is required to detect and removed. This is done 

by smoothing the image by using Gaussian Filter. 

Convolution of raw image I (i, j)is carried out with 

Gaussian filter G. Assuming the 2-D Gaussian 

functionas: 

𝐺(𝑖, 𝑗) =
1

√2𝜋𝜎2
𝑒𝑥𝑝 − (

𝑖2+𝑗2

2𝜎2 )   (1) 

Where 𝜎 is indicates the standard variance of Gaussian 

function, and it determines the width of the Gaussian 

filter and outcome of smoothing.  

Mathematically, the smooth resultant image is 

given by 

F (i, j) = G * I(i, j)                         (2) 

Step 2: Finding gradients 

In this step we detect the edges where the 

change in grayscale intensity is maximal. Required 

areas are determined with the help of gradient of 

images. Sobel operator is used to determine the 

gradient at each pixel of smoothened image. Sobel 

operators in i and j directions are given as 

𝐷𝑖 = [
−1    0    1
−2    0    2
−1    0    1

] 

 

𝐷𝑗 = [
1     2       1
0      0      0

−1 − 2 − 1
] 

These sobel masks are convolved with smoothed image 

and giving gradients in i and j directions. 

Gi = Di∗F(i, j) and Gj=Dj∗ F (i, j)  (3) 

Therefore, edge strength or magnitude of 

gradient of a pixel is given by 

𝐺 = √𝐺𝑖
2 + 𝐺𝑗

2    (4) 

The direction of gradient is given by 

𝜃 = arctan (
𝐺𝑖

𝐺𝑗
)    (5) 

Gi and Gj are the gradients in the i and j directions 

respectively. 

Step 3: Non maximum suppressions: 

Non maximum suppression is carried out to 

preserves all local maxima in the gradient image, and 

deleting everything else this results in thin edges. For a 

pixel M (i, j): 

 Firstly round the gradient direction 𝜃 

nearest45°,then compare the gradient magnitude of 

the pixels in positive and negative gradient 

directions i.e. If gradient direction is east then 

compare with gradient of the pixels in east and 

west directions say E (i, j) and W (i, j) 

respectively. 

 If the edge strength of pixel M (i, j) is largest than 

that of E (i, j) and W (i, j), then preserve the value 

of gradientand mark M (i, j) as edge pixel, if not 

then suppress or remove. 

Step 4: Hysteresis thresholding: 

The output of non-maxima suppression still 

contains the local maxima created by noise. Instead 

choosing a singlethreshold, for avoiding the problem of 

streaking two thresholds  𝑡ℎ𝑖𝑔ℎand 𝑡𝑙𝑜𝑤are used. For a 

pixel M (i, j) havinggradient magnitude G following 

conditions exists to detect pixel as edge: 

 If G < than 𝑡𝑙𝑜𝑤discard the edge. 

 If G > than 𝑡ℎ𝑖𝑔ℎkeep the edge. 

 If 𝑡𝑙𝑜𝑤 < 𝐺 <  𝑡ℎ𝑖𝑔ℎand any of its neighbors in a 3 

×3 region around it have gradient magnitudes 

greaterthan 𝑡ℎ𝑖𝑔ℎ, keep the edge. 

 If none of pixel (x, y)’s neighbors have high 

gradient magnitudes but at least one falls between 

𝑡𝑙𝑜𝑤and,  𝑡ℎ𝑖𝑔ℎsearch the 5 × 5 region to see if any 

of these pixels have a magnitude greater than 

thigh. If so, keep the edge. 

   Else, discard the edge [9]. 

 

3.2. Maximal Similarity Region Merging 

In this section, we use the region merging based 

on the maximal similarity to get the accurate result. 

Therefore, after finishing the edge detection, the users 

need to specify the object and background 
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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. 

And then, 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. 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. 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   (6) 

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. 

Object and background markers provide some 

key features of object and background, respectively. 

The 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. 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

)                 (7) 

 

The merging rule (2) is very simple but it 

establishes the basis of the proposed region merging 

process. One important advantage of (7) is that it 

avoids the presetting of similarity threshold for 

merging control [5]. 

The whole maximal similarity based region 

merging process can be divided into two stages, which 

are repeatedly executed until no new merging occurs. 

In the first stage, the non-marker regions are merged 

with background marker regions as many as possible. 

After the region merging of this stage, some non-

marker background regions will be merged with the 

corresponding markers. Therefore, to complete the task 

of target object extraction, the second stage will focus 

on the non-marker regions to merge each other under 

the guidance of the maximal similarity rule.After 

merging all the background regions, it is equivalent to 

extracting the desired object. 

 

 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 [15] is used for the experiment of the proposed 

method. In our interactive image segmentation, the 

input images are the natural scene images. And then, 

the edge detection technique is used for detecting the 

different edge regions of the input image. Therefore, 

the canny edge detection technique with a suitable 

threshold is used for the initial segmentation. 

(a)                     (b)                       (c) 

 

 

 

Figure 2.(a) Original input image (b) The source 

images with user input stokes, where blue strokes 

are used to mark the background regions, and 

green strokes are used to mark the foreground 

regions (c) Result obtained by the proposed method 



In our experiment, the threshold value is 0.01 

with the canny edge detection. The initial edge 

detection is very valuable for segmenting the object 

from its background in the interactive scheme. And 

then, the input markers are marked by the user upon the 

result of the edge detection. The region merging based 

on the maximal similarity is used for segmenting the 

object of interest from the corresponding background. 

In figure 2, the satisfying result is achieved by 

providing the user inputs.  

To evaluate the effectiveness of the proposed 

method, we manually labeled the desired objects in the 

test images and took them as ground truth. Then we 

computed the true positive rate (TPR) and false 

positive rate (FPR) for these segmentation results. 

Table 1. The TPR and FPR values on the test 

images 

Images TPR (%) FPR (%) 

Bear1  

 

82.17 

 

1.86 

Stone2  

 

95.83 

 

0.94 

Banana1  

 

92.58 

 

1.15 

 

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 is and the lower the FPR is, the better 

the method is. Table 1 lists the TPR and FPR results on 

the test images.  

5. Comparison of Results 

For evaluating the advantages of the proposed 

method, we use the maximal similarity based region 

merging based on the initial segmentation of mean shift 

[5] is used. The mean shift segmentation is good but it 

can’t provide boundaries well if the input image is 

overlapped with its foreground and background colors. 

Therefore, we use the canny edge detection with a 

suitable threshold instead of mean shift because we 

want to get the appropriate initial boundary regions of 

the input image.  

             

                (a)                            (b) 

 

 

 

Figure 3.(a)The source images with user input 

stokes, where blue strokes are used to mark the 

background regions, and green strokes are used to 

mark the foreground regions (b) Result obtained by 

the proposed method 

Figure 3 shows the result with our proposed 

method. The objective of using the canny edge 

detection in our proposed method is that to get the 

satisfying and accurate result for different natural scene 

images. Some natural scene input images are 

overlapped with its foreground color and background 

colors. Therefore, the satisfying result is achieved with 

our proposed method because the initial segmentation 

result is very important for high level process such as 

region merging. In our proposed method, the 

boundaries of the input image can provide well to get 

the accurate result from the corresponding background 

although the foreground and background colors of the 

input image are overlapped with each other. 

Whereas, figure 4 shows the result of the 

maximal similarity region merging based on mean 

shift.   As we can see in this figure, the satisfying result 

is not achieved because the final segmentation result 

mainly depends on the initial segmentation result. 

The initial segmentation regions are less than the 

regions of our edge detection. Therefore, the 

segmentation result of our method is better than the 

segmentation result of the maximal similarity region 

merging based on mean shift. Moreover, figure 5 

shows the comparison of TPR and FPR between the 

proposed method and MSRM based on Mean Shift. 

Therefore, we can easily see in this bar chart, the 

proposed method is better than existing method with 

TPR and FPR values. 



(a)                                 (b) 

 

Figure 4.(a)The source images with user input 

stokes, where blue strokes are used to mark the 

background regions, and green strokes are used to 

mark the foreground regions (b) Result obtained by 

MSRM based on mean shift 

 

 
Figure 5.Comparison of TPR and FPR between 

proposed method and MSRM based mean shift 

6. Conclusion  

In this paper, an interactive image segmentation 

method based on the edge detection is proposed. Since 

there are a lot of techniques like mean-shift, watershed, 

and level set for initial segmentation. In this case, the 

canny edge detection is used instead of initial 

segmentation algorithm. The user input strokes are 

very important for the foreground and background to 

get a desired object accurately. Color factor in feature 

isa critical human visual perception. In this paper, the 

color feature is mainly used in the region merging 

process. Moreover, for the performance evaluation, the 

proposed method is compared with other method such 

as the maximal similarity region merging based on 

mean shift.  So, it is very convenient for segmenting 

the object from the complex background in interactive 

scheme. 
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