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Abstract

In this paper, we present an automatic seeded region growing algorithm for color image segmentation. First, the input RGB color image is

transformed into YCbCr color space. Second, the initial seeds are automatically selected. Third, the color image is segmented into regions

where each region corresponds to a seed. Finally, region-merging is used to merge similar or small regions. Experimental results show that

our algorithm can produce good results as favorably compared to some existing algorithms.

q 2005 Elsevier B.V. All rights reserved.
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1. Introduction

Image segmentation is a process of pixel classification.

An image is segmented into subsets by assigning individual

pixels to classes. It is an important step towards pattern

detection and recognition. Pal and Pal [1] provided a review

on various segmentation techniques. It should be noted that

there is no single standard approach to segmentation. Many

different types of scene parts can serve as the segments on

which descriptions are based, and there are many different

ways in which one can attempt to extract these parts from

the image. Selection of an appropriate segmentation

technique depends on the type of images and applications.

There are primarily four types of segmentation tech-

niques: thresholding, boundary-based, region-based, and

hybrid techniques. Thresholding is based on the assumption

that clusters in the histogram correspond to either back-

ground or objects of interest that can be extracted by

separating these histogram clusters [2–6]. Boundary-based

methods assume that the pixel properties, such as intensity,

color, and texture, should change abruptly between different

regions [7–11]. Region-based methods assume that neigh-

boring pixels within the same region should have similar

values (e.g. intensity, color, texture) [12–14]. Hybrid
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methods tend to combine boundary detection and region

growing together to achieve better segmentation [15–24].

Seeded region growing (SRG) is one of the hybrid

methods proposed by Adams and Bischof [22]. It starts with

assigned seeds, and grow regions by merging a pixel into its

nearest neighboring seed region. Mehnert and Jackway [23]

pointed out that SRG has two inherent pixel order

dependencies that cause different resulting segments. The

first-order dependency occurs whenever several pixels have

the same difference measure to their neighboring regions.

The second-order dependency occurs when one pixel has

the same difference measure to several regions. They used

parallel processing and re-examination to eliminate the

order dependencies. Fan et al. [24] presented an automatic

color image segmentation algorithm by integrating color-

edge extraction and seeded region growing on the YUV

color space. Edges in Y, U, and V are detected by an

isotropic edge detector, and the three components are

combined to obtain edges. The centroids between adjacent

edge regions are taken as the initial seeds. The disadvantage

is that their seeds are over-generated.

In this paper, we apply the SRG to color images with

automatic seed selection. We also develop strategies to

avoid the two order dependencies. The rest of this paper is

organized as follows. In Section 2, we give an overview of

our algorithm. In Section 3, we present the method for

automatic seed selection. Section 4 describes the proposed

color SRG algorithm. Section 5 provides experimental

results and discussions. Conclusions are made in Section 6.
Image and Vision Computing 23 (2005) 877–886
www.elsevier.com/locate/imavis

http://www.elsevier.com/locate/imavis


F.Y. Shih, S. Cheng / Image and Vision Computing 23 (2005) 877–886878
2. Overview of our algorithm

Fig. 1 presents the overview of our algorithm. Firstly, the

color image is transformed from RGB to YCbCr color space.

Secondly, we apply automatic seed selection to obtain initial

seeds. Thirdly, the seeded region growing algorithm is used

to segment the image into regions, where each region

corresponds to one seed. Fourthly, the region-merging

algorithm is applied to merge similar regions, and small

regions are merged into their nearest neighboring regions.

A color image is specified in RGB components. The

RGB model is suitable for color display, but is not good for

color analysis because of its high correlation among R, G,

and B components. Besides, the distance in RGB color

space does not represent the perceptual difference in a

uniform scale. In image processing and analysis, we often

transform these components into other color spaces. Cheng

et al. [27] compared several color spaces including RGB,

YIQ, YUV, normalized RGB, HIS, CIE L*a*b*, and CIE

L*u*v* for color image segmentation purposes. Every color

space has its advantages and disadvantages. Garcia and

Tziritas [28] noticed that the intensity value Y has little

influence on the distribution in the CbCr plane and the

sample skin colors form a small and very compact cluster in

the CbCr plane. The YCbCr color space has been extensively

used for skin color segmentation [25,28]. In this paper, we

use the YCbCr color space for segmentation due to three

reasons: (1) YCbCr color space is widely used in video

compression standards (e.g. MPEG and JPEG) [25]; (2) the

color difference of human perception can be directly

expressed by Euclidean distance in the color space; (3) the

intensity and chromatic components can be easily and

independently controlled.
Transform the color image from
RGB to YCbCr color space.

Apply the automatic seed
selection algorithm to obtain 
seeds for seeded region growing. 

Apply the seeded region growing
algorithm to segment the color 
image. 

Apply the region-merging
algorithm to overcome over-
segmentation.

Fig. 1. Outline of the proposed algorithm.
The YCbCr color space is a scaled and offset version of

YUV color space, where Y, U, and V represent luminance,

color, and saturation, respectively. The Cb (Cr, respectively)

is the difference between the blue (red, respectively)

component and a reference value [26]. The transformation

from RGB to YCbCr can be performed using Eq. (1), where

R, G, and B are in the range of [0, 1], Y is [16, 235], and Cb

and Cr are [16, 240]
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3. The method for automatic seed selection

For automatic seed selection, the following three criteria

must be satisfied. First, the seed pixel must have high

similarity to its neighbors. Second, for an expected region,

at least one seed must be generated in order to produce this

region. Third, seeds for different regions must be

disconnected.

We calculate the similarity of a pixel to its neighbors as

follows. Considering 3!3 neighborhood, the standard

deviations of Y, Cb, and Cr components are calculated by

using

sx Z

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

9

X9

iZ1

ðxi Kx

vuut Þ2; (2)

where x can be Y, Cb, or Cr, and the mean value

�xZ 1
9

P9
iZ1 xi. The total standard deviation is

s Z sY CsCb
CsCr

: (3)

We normalize the standard deviation to [0, 1] by

sN Z s=smax; (4)

where smax is the maximum of the standard deviation in the

image. The similarity of a pixel to its neighbors is defined as

H Z 1 KsN: (5)

From the similarity, we define the first condition for the

seed pixel candidate as follows:

Condition 1. A seed pixel candidate must have the

similarity higher than a threshold value.

Secondly, we calculate the relative Euclidean distances

(in terms of YCbCr) of a pixel to its eight neighbors as
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From our experiment, the performance of using relative

Euclidean distance is better than using normal Euclidean

distance. For each pixel, we calculate the maximum

distance to its neighbors as

dmax Z max
8

iZ1
ðdiÞ: (7)

From the maximum distance, we define the second

condition for the seed pixel candidate as:

Condition 2. A seed pixel candidate must have the

maximum relative Euclidean distance to its eight neighbors

less than a threshold value.

A pixel is classified as a seed pixel if it satisfies the above

two conditions. In order to choose the threshold value

automatically for Condition 1, we use Otsu’s method [2].

The threshold is determined by choosing the value that

maximizes the discrimination criterion s2
B=s

2
w, where s2

B is

the between-class variance and s2
w is the within-class

variance. For Condition 2, we select the value 0.05 as the

threshold based on our experiments.

Each connected component of seed pixels is taken as one

seed. Therefore, the seeds generated can be one pixel or one

region with several pixels. Condition 1 checks whether the

seed pixel has high similarity to its neighbors. Condition 2

makes sure that the seed pixel is not on the boundary of two
Fig. 2. (a) Original color image, (b) the detected seeds are shown in red color, (c) s

relative Euclidean distance less than 0.1, (e) the result of merging small regions
regions. It is possible that for one desired region, several

seeds are detected to split it into several regions. The over-

segmented regions can be merged later in the region-

merging step. Fig. 2(a) shows a color image, and Fig. 2(b)

shows the detected seeds marked in red color. Note that the

connected seed pixels are considered as one seed.

Regarding the threshold value for the relative Euclidean

distance, if a higher value is used, a smaller number of

pixels will be classified as seeds and some objects may be

missed; oppositely, a higher number of pixels will be

classified as seeds and different regions may be connected.

For example, in Fig. 3, if we set the threshold as 0.04, one

flower is missed in Fig. 3(c) because there is no seed pixel

on the flower as shown in Fig. 3(b). On the other hand, if we

set the threshold as 0.08, then Fig. 3(f) shows that some part

of the boat is merged with the water since these seed pixels

are connected as shown in Fig. 3(e). Note that due to variant

background colors appearing in the figures, we use different

colors to display the object boundaries clearly.
4. The proposed segmentation algorithm

Let A1;A2;.;Ai denote initial seeds and Si denote the

region corresponding to Ai. The mean of all seed pixels in Si

in terms of Y, Cb, and Cr components is denoted as

ð �Y ; �Cb; �CrÞ. Our proposed segmentation algorithm is

described as follows:

(1) Perform automatic seed selection.

(2) Assign a label to each seed region.
eeded region growing result, (d) the result of merging adjacent regions with

with size less than 1/150 of the image, and (f) final segmented result.



Fig. 4. Step 4 of region growing. (a) A small window of Fig. 2(b), where the

red pixels are the seeds and the green pixels are the pixels in the sorted list

T, (b) the white pixel is the pixel with the minimum distance to the seed

regions, and (c) the white pixel is connected to the neighboring red region

and the black pixels are added to T.

Fig. 3. Examples of setting threshold for relative Euclidean distance. (a) A color image, (b) the red pixels are seed pixels generated using threshold 0.04, (c) the

segmented result, (d) a color image with boat, water, and sky, (e) the red pixels are the seed pixels generated using threshold 0.08, and (f) the segmented result.
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(3) Record neighbors of all regions in a sorted list T in a

decreasing order of distances.

(4) While T is not empty, remove the first point p and check

its 4-neighbors. If all labeled neighbors of p have a same

label, set p to this label. If the labeled neighbors of p

have different labels, calculate the distances between p

and all neighboring regions and classify p to the nearest

region. Then update the mean of this region, and add

4-neighbors of p, which are neither classified yet nor in

T, to T in a decreasing order of distances.

(5) Perform region-merging.

Note that in step 3, T denotes the set of pixels that are

unclassified and are neighbors of at least one of the region

Si. The relative Euclidean distance di between the pixel i and

its adjacent region is calculate by

di Z
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðYi KY

p
Þ2 C ðCbi

KCbÞ
2 C ðCri

KCrÞ
2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Yi CC2

bi
CC2

ri

q
;

(8)

where ð �Y ; �Cb; �CrÞ are the mean values of Y, Cb, and Cr

components in that region. In step 4, the pixel p with the

minimum distance value is extracted. If several pixels have

the same minimum value, we choose the pixel correspond-

ing to the neighboring region having the largest size. If p has

the same distance to several neighboring regions, we

classify p to the largest region. Fig. 2(c) shows the result

of our algorithm, where boundaries of regions are marked in

white color.

The above step 4 is explained graphically in Fig. 4.

Fig. 4(a) is a small window of Fig. 2(b), where the red pixels

are the seed pixels and the green pixels are the 4-neighbor

pixels of the seed regions. Therefore, the green pixels are
actually the pixels stored in the sorted list T. In Fig. 4(b), the

white pixel is the one among all the green pixels that has

the minimum distance to its adjacent regions. Therefore, the

white pixel will be connected to its neighboring red seed

region. In Fig. 4(c), the black pixels are the three 4-neigbor

pixels of the white pixel that are added to T. Note that these

three black pixels are neither classified nor previously stored

in T.

It is possible that several seeds are generated to split a

region into several small ones. To overcome the over-

segmentation problem, we apply region-merging. Two

criteria are used: one is the similarity and the other is the

size. If the mean color difference between two neighboring

regions is less than a threshold value, we merge the two

regions. Unfortunately, the result of region-merging

depends on the order in which regions are examined. In

our method, we first examine the two regions having the

smallest distance value among others. In each iteration, if

this value is less than a threshold, we merge the two regions
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and re-compute the mean of the new region and the

distances between the new region and its neighboring

regions. We repeat the process until no region has the

distance less than the threshold. The color difference

between two adjacent region Ri and Rj is defined as the

relative Euclidean distance

dðRi;RjÞ Z

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð �Yi K �YjÞ

2 C ð �Cbi
K �Cbj

Þ2 C ð �Cri
K �Crj

Þ2
q

minð

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
�Y2

i C �C2
bi

C �C2
ri

q
;

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
�Y2

j C �C2
bj

C �C2
rj

q
Þ

:

(9)

Based on our experiments, we select 0.1 as the threshold

for color similarity measurement.

Next, we check the size of regions. If the number of

pixels in a region is smaller than a threshold, the region is

merged into its neighboring region with the smallest color

difference. This procedure is repeated until no region has

size less than the threshold. Based on our experiments, we

select 1/150 of the total number of pixels in an image as the

threshold. Fig. 2(d) shows the result of merging all similar

neighboring regions, and Fig. 2(e) shows the result of

merging small regions.
Fig. 5. Example of choosing the relative Euclidean distance threshold for further r

the distance threshold value and 1/150 of the image size as the size threshold, (c) fu

merging using threshold 0.15, and (e) further merging using threshold 0.25.
Since variations of image complexity could be large,

some has a high number of regions and some has small sized

regions. In order to achieve better segmentation results, we

further perform merging by controlling the size of regions

and the color difference between regions. In the region-

merging, we set the relative Euclidean difference threshold

0.1 for initial merging. If this threshold is too high, some

desired region may be merged with other regions;

oppositely, there will be too many regions. We set the size

of region threshold as 1/150 of the image size. By using too

high threshold, some important objects may be merged to

other regions, while too low threshold may lead to over-

segmentation. In the further merging step, we set threshold

value 0.2 for final merging because we want to keep all the

regions with large difference from their surroundings and

with the size larger than 1/150 of the image. We observe that

two regions are obviously different if the relative Euclidean

distance is over 0.2. We also set the size threshold as 1/10 of

the image. We want to keep all the regions with difference

higher than 0.1 and size larger than 1/10 of the image. If this

is not used, then the sky and water will be merged as shown

in Fig. 2(f). If we know the number of regions in an image,
egion-merging. (a) Original image, (b) the result after merging using 0.1 as

rther merging using the relative Euclidean distance threshold 0.2, (d) further



Fig. 6. Some results of our color image segmentation algorithm.
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this information will help in improving the segmentation

result; however, it is usually unknown. Therefore, in our

algorithm we obtain the final result by controlling the size of

regions and the difference between regions.

We use the relative Euclidean distance as the merging

condition because it outperforms the fixed Euclidean

distance. Fig. 2(d) shows that using 0.1 as the threshold

value for initial merging can merge the most similar regions,

while the water and sky can be separated. If we use 0.15,

then the sky and water are merged. Fig. 5(b) shows the

segmented result of using 0.1 as the distance threshold and

1/150 of the image size as the size threshold. Fig. 5(c) shows

the result of using threshold 0.2 for further merging, which

produces a reasonably good result. Fig. 5(d) shows the result

of using threshold 0.15 for further merging. We can see that

the two small regions on the right should be merged.

Fig. 5(e) shows the result of using threshold 0.25 for further

merging. We can see that the two different regions at the

bottom are merged.
5. Experimental results and discussions

We have performed our experiments successfully using

the proposed segmentation algorithm on 150 color nature
scene images randomly collected from the Internet. Fig. 6

illustrates some of our results. We can obtain reasonably

good results. We have also performed comparisons with

some existing segmentation algorithms. In Fig. 7, we show

the comparison with the JSEG algorithm developed by

Deng and Manjunath [18]. Fig. 7(a3), (b3), and (c3) are their

segmented results on Fig. 7(a1), (b1), and (c1), and Fig. 7(a2)

, (b2), and (c2) are our results, respectively. Compared to

Fig. 7(a2), Fig. 7(a3)’s nose of baboon is separated into

several regions and its background is over-segmented. We

downloaded their JSEG algorithm from the website and

Fig. 7(d3) and (e3) are their segmented results.

Our segmented results are less noisy as compared to

Refs. [18,24]. This is due to the fact that our merging

algorithm uses the dynamic control over the size of regions

and the difference between regions. However, the merging

step in Refs. [18,24] uses a fixed threshold value. In

Fig. 7(d3), two objects are missed in Ref. [24]. The reason is

that either there is no seed generated in these objects or the

merging threshold is too high, so that they are merged to the

surroundings. Compared to Fig. 7(e3), Fig. 7(e2) produces

more detailed and accurate boundaries. The reason is that in

Ref. [24], color quantization is applied to form the class-

map, so that some details of color information may be lost;

however, we use the original color value.



Fig. 7. The first column shows the original images, the second column shows our segmented results, and the third column shows the results of JSEG algorithm.
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In Fig. 8, we show the comparison with the segmentation

algorithm by Fan et al. [24]. Fig. 8(a3), (b3), (c3), and (d3)

are their, respectively, segmented results on Fig. 8(a1), (b1),

(c1), and (d1), and Fig. 8(a2), (b2), (c2), and (d2) are our

corresponding results. By observing Fig. 8(a3), we obtain

that their result is over-segmented and the hair is

inappropriately merged to background. By comparing

Fig. 8(b2), (c2), and (d2) with Fig. 8(b3), (c3), and (d3),

respectively, we notice their results are over-segmented.

There are mainly two disadvantages in our algorithm.

First, although using the fixed threshold values can produce
reasonably good results as shown in Figs. 6–9, it may not

generate the best results for all the images. From Fig. 7(b2),

(c2), (d2), and Fig. 8(a2), we observe some small objects are

missed. Some applications require more detailed infor-

mation. Users can specify these threshold values according

to their applications. For example, if we adjust the threshold

values for the size of objects and color differences, more

detailed information can be segmented as shown in Fig. 9.

Second, when an image is highly color textured (i.e. there

are numerous tiny objects with mixed colors), our algorithm

may fail to obtain satisfied results because the mean value



Fig. 8. The first column shows the original images, the second column shows our segmented results, and the third column shows the results of Fan’s algorithm.
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could not represent the property of the region well. Fig. 10

shows an example that our algorithm performs worse than

the method in Ref. [24]. Fig. 10(b) shows that the tree is

merged to the flower.

The time complexity for our segmentation algorithm

consists of three components: seed selection, region

growing, and region-merging. In automatic seed selec-

tion, calculating the standard deviation and maximum

distance for each pixel takes O(n), where n is the total

number of pixels in an image. In region growing, each

unclassified pixel is inserted into the sorted list exactly
once. Checking neighboring regions and calculating

distances can be done in constant time. Putting a pixel

into the sorted list requires log(n). Therefore, it takes

O(n log(n)) for region growing.

In region-merging, calculating the differences between

regions takes O(m2), where m is the number of regions. To

calculate sizes for all the regions, it takes O(n). Usually, m is

much less than n. To merge two regions, we need to label

the pixels in the two regions, calculate the mean for the new

merged region, and calculate the distances between this and

other regions. Therefore, it takes O(nCm)zO(n) to merge



Fig. 9. The segmented results with more details by adjusting the size of the minimum objects and the threshold value for the relative Euclidean distance.

Fig. 10. (a) An image with highly colored texture, (b) our segmented result showing the tree is merged to the flower region, and (c) the results of Ref. [24].
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two regions. The complexity for region-merging is O(m2C
nCmn)zO(mn). Therefore, the total time complexity for

our algorithm is O(nCn log(n)Cmn)zO((mClog(n))n).
6. Conclusions

We have presented an efficient segmentation algorithm

for color images with automatic seed selection. We also

develop strategies to avoid order dependencies. By

controlling the size of regions and the color difference of

regions, the region-merging method can adjust dynamically

according to different images to obtain satisfactory

segmentation results. Experimental results show that our

algorithm can produce good results as favorably compared

to some existing algorithms.
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