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Abstract—Pixel clustering is one of the basic methods for image
segmentation. A critical problem of pixel clustering is how to
measure the similarity between colors of the pixels on human
visual perception. In this paper, we propose an adaptive clustering
method for image segmentation, namely Prototypes Extraction
and Merging (PEM) method. We first build a prototype network
based on the Hebbian learning rule to represent the image. Then
we use the Density Peaks Based Clustering (DPBC) method on
the prototypes rather than the pixels for clustering in multiple
color spaces, in which we choose a tiny Euclidean distance to
approximate the similarity of the neighboring prototypes and find
the density peaks. Finally we conduct the Multi-Space Merging
(MSM) method to merge the color regions in multiple color spaces
and get the final segmentation. In PEM the similarity measuring
of colors is achieved adaptively according to the complexity and
local contrast ratio of the image. Thus, it is extremely close to
the discriminability of human visual system.

I. INTRODUCTION

In the area of computer vision, automatic image segmenta-
tion is one of the most important research topics [1]. Image
segmentation means dividing the image into several disjoint
regions based on some features like color, texture, shape
and edge. These features are supposed to be similar in the
same regions but distinguishing among different regions. The
segmentation of the color images is more useful than the
grayscale images, and it is also much more complicated and
challenging, for color images carry more information [2].
Automatic image segmentation can be applied in many areas,
including object recognition, image retrieval, remote sensing
image analysis, etc.

By the features used in segmentation, the segmentation
methods can be categorized into three major approaches,
i.e., feature-space-based clustering, spatial segmentation, and
graph-based approaches [3]. Feature-space-based clustering
algorithms segment the image by clustering the pixels based
on the feature vectors, in which color feature and texture
feature are usually used. Yan Y et al. [4] extracts color and
texture features of the image and used K-means algorithm
to cluster the pixels into several regions. But this kind of
methods does not take account of the spatial information of
the image and the pixels in disconnected regions might be
clustered together if the feature vectors are similar. Spatial
segmentation methods use the edge information as well as
the spatial information to segment the images [5] [6], and
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a huge number of small fragmented regions are produced.
Then these regions are merged together by some merging
algorithms [6] [7]. Graph-based approaches synthesize both
of the feature-space-based clustering and spatial segmentation
methods. Ugarriza et al. [8] clustered the pixels based on
color, then characterizes the texture present in each cluster and
generates a final segmentation by utilizing an effective merging
procedure considering the spatial and edge information.

No matter which of the methods mentioned above is used,
color feature of the images is one of the most significant
measurements to decide whether two pieces in the image
should be merged into a region, for it is the most dominant
feature and can easily be distinguished by humans eye. There
are different kinds of color spaces to represent the pixel colors
like RGB, HSV, HVC, XYZ and CIE L*a*b* color spaces.
RGB is the most primary space for color image storage in
computer. While HSV (or HVC) and CIE L*a*b* spaces are
most frequently used for color clustering because they are most
closely approximate the humans perception on color. Qixiang
Ye et al. [9] uses the HVC color space and density-based
clustering method for pixels clustering. Hanzi Wang and David
Suter [10] applied the mean shift algorithm in the hue and
intensity subspace of HSV for segmentation. Ugarriza et al.
[8] exploits the information obtained from detecting edges in
color images based on the CIE L*a*b* color space. The above
methods use the Euclidean distance to measure the similarity
of color vectors for clustering. However, in CIE L*a*b* color
space as well as many other spaces, small Euclidean distance
between two color points is proportional to the difference
that human visual system perceives, but a large Euclidean
distance has no meaning [11]. In Yan Y’s work [4] Mallows
distance is used for the similarity measuring in K-medoid
Clustering algorithm. However, Mallows distance also has its
shortcomings for measuring any two points in the color space,
since large distance has no meaning and is incomparable for
color. Hence, it is necessary to find a robust distance measure
for color pixels clustering.

In years of study on clustering for image pixels, another
critical problem is to select a suitable number of the clusters in
an image. K-means and K-medoid algorithms are widely used
in pixels clustering [4] [12] [13], but the parameter K needs to
be decided previously. The colorful images usually needs more
color regions to represent them than the relatively monotonous
images. Therefore, the parameter K is sensitive for different
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images. Besides, for the high resolution photo, the number
of the pixels is millions, which causes the unacceptable com-
putation complexity. The adjusted self-organizing incremental
neural network (SOINN) [14] is a real-time learning method
that learns the input data points incrementally. It generates
the prototype nodes corresponding to the inputs without any
prior knowledge and can be used to build the topology of the
input data. This feature of SOINN can be used to construct a
network on the pixel distribution. Then we can cluster on the
network prototypes rather than the entire pixels, which could
be much more efficient. Besides, Alex et al. [15] proposed
a clustering method by fast searching and finding of density
peaks. The method can find the cluster centers rapidly based
on the density distribution, but some efforts need to be done
to choose the density peaks by human.

Inspired by the two learning algorithm, we proposed a real-
time method for color pixels clustering based on a distance
measuring technique that approximates the human vision per-
ception on color, namely Prototypes Extraction and Merging
(PEM) method. It adaptively chooses the number of color
regions and segments the image automatically. Firstly, we
extract the prototypes in the HSV color space by using SOINN.
Then we categorize the prototypes by searching the density
peaks in all of the RGB, HSV and CIE L*a*b* color spaces.
When searching, we set the maximum search radius in a small
value to guarantee that the Euclidean distance between two
prototypes is proportional to the difference that human visual
system perceives in that level. Finally, a merging method is
proposed to combine the cluster regions in all of the three
color spaces to reduce the number of segmented regions. The
proposed method can preliminarily segment the image by color
feature. By setting different parameters, the segmentation can
be conducted in multi-scales. In the proposed method, only
color features are considered. Other features like texture and
spatial information can be used to merge or segment the
regions in a further processing. Experiments are conducted to
examine our method. From the results we find that the method
is robust for various images with different categories. Even if
only the color features are considered, we can still get some
promising segmentation results.

II. THE PROPOSED METHOD: PROTOTYPES EXTRACTION
AND MERGING

The proposed segment method is actually a clustering
method of the color pixels in an image. It overcomes the
problem that the distance between two color points is hard
to measure, and can categorize pixels into regions based on
the humans sensitivity for colors. The criterion of whether
two color points should cluster together and the number of
the clusters is adaptively fixed by the contrast of the objects
and the complexity of the colors in the input image. And the
method also works on the images with high resolution.

Fig.1 shows the process of the PEM Clustering method.
Before the image is segmented, a 5 x 5 Gaussian filter is
used to reduce the noise in the image, because some noisy
pixels might have very different color from the object pixels,
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which would lead to generate many useless tiny regions after
the segmentation. After that, the Color Prototypes Extracting
(CPE) algorithm is used to extract the representative color
points from the input pixels. Next, the prototypes are clustered
respectively in all of the RGB, HSV and CIE L*a*b* spaces by
using the Density Peaks Based Clustering (DPBC) algorithm.
During this, a small Euclidean distance radius is used to
calculate the density of each prototype to make sure that
the correlated nodes are similar in humans perception. As
a consequence, a number of cluster regions are produced in
each color space. To reduce the number of the regions, we
merge the clusters which are correlated among different color
spaces together by using the Multi-Space Merging (MSM)
algorithm. In the learning system, we do not define a formula
for color similarity measuring. Instead, we use the small
Euclidean distance to measure the similar colors and produce
small clusters. Then the clusters are merged adaptively in
multiple spaces, during which similar regions join together
and dissimilar regions are distinguished.

A. Color Prototypes Extracting

For a high-definition picture with millions of pixels, the
computation complexity is unacceptable for clustering with
methods like K-means in which the global information of
the pixels is used. Therefore, a real-time color prototypes ex-
tracting (CPE) algorithm based on SOINN is proposed in this
paper. We build a topological network to incrementally learn
the input pixels one by one. Prototype nodes are generated and
adjusted in the network to represent the pixels with similar
colors. The topology of the prototypes can truly manifest the
distribution of the color pixels of the image.

The neural network is built based on the HSV color space.
We sample all the pixels of the image in a random sequence
without replacement. Each pixel is represented by a three-
dimensional vector (H, S, V). The pixels in the sequence are
inputted to the system one by one to produce the prototypes.
Firstly, the system receives two pixels and regards them as two
initialized prototypes. Each of the prototypes has its weight
and the distance threshold to absorb new pixels. Next, for
each new coming pixel p, find its nearest prototype P; and
the second nearest prototype P» in the network. Then there
could be two kinds of cases.

Case 1. The pixel p is within the threshold distance of both
P and Ps.

This case suggests the pixel is very close to the winner and
second winner prototypes, hence it can be absorbed by the
winner prototypes, as it is shown in Fig. 2. We update the
weight of P, and adjust the vector of P; by:

= Wp —1= 1

Py W P+ Wr 7
Where Wp, is the weight of P;. According to the Hebbian
learning rule, both of P, and P, are activated by p, as a result,
the connection between P; and P, should be stressed. If there
is no edge between P; and P», we need to connect P; and P,
with a new edge. Otherwise, refresh the age of the edge. For
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Fig. 3. If new input pixel p is beyond the threshold distance of either P, or
P>. A new prototype is generated.

both P, and P, search for all the other prototypes that are
connected with them, and add the homologous edges by 1. If
the age of one edge is too old, then remove it, because the
correlation between these two prototypes is not close enough
and out of time.

Case 2. The pixel p is beyond the threshold distance of
either P; or Ps.

In this case, there is no prototype that has the similar color
as p. Then p is regarded as a new prototype, as it is shown in
Fig. 3.

Next, for both cases, update the distance threshold of Py (P»)
by using the maximum distance between P;(F%) and the nodes
that are connected with it.

For a natural image, there are always some noisy pixels that
would produce isolated prototypes in the network. Hence we
take a denoising technique: every time after several iterations
are conducted, the isolated prototypes are removed from
SOINN as noisy pixels, as it is shown in Fig. 4.

By this way, the construction of SOINN are formed as long
as the pixels are inputted. Every prototype in the network is a
small cluster of some pixels that are similar in color. Here the
HSV color space is used to generate the prototype. Actually,
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other color spaces like RGB and CIE L*a*b* can also be used
because the threshold to judge whether two pixels could join
together is a quiet small Euclidean distance in any of the color
spaces. Even its hard for human to tell the difference among
the pixels in one cluster.

The entire algorithm of CPE method is shown in Algorithm
1.

B. Clustering the Color Prototypes in Multiple Spaces Based
on Density Peaks

No matter in which of the color spaces, the similarity of
colors by human visual perception is not linearly dependent on
the distance between color points. Especially for the dissimilar
colors, it is meaningless to calculate the exact distance in space
and compare to others. For example, we could be confused
to tell whether red is more dissimilar to yellow or green.
Moreover, a color measuring model is not suitable for different
images. For another example, black and charcoal grey could be
quiet similar to each other when compared with white in one
image, while they could also be significantly different in anoth-
er image with dark tone. Hence, it is hard to build a universal
color measuring model. However, small Euclidean distance
between two color points is proportional to the difference that
human visual system perceives [11]. At this point, we could
only use the Euclidean distance between neighboring color
prototypes to approximate the similarity of the prototypes.
Inspired by Rodriguez A’s work [15], we propose the Density
Peaks Based Clustering (DPBC) method to cluster the color
prototypes by finding the density peaks. The density of each
prototype is calculated in a small Euclidean distance threshold
to ensure that all the density peaks are the representations of
some very similar prototypes in human visual system.
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Algorithm 1 Color Prototypes Extracting

Require: An array of the pixel points PArray sampled
from the original image without replacement in a random
sequence. The threshold value of edge age agemax. The
cycle size A for noise reduction.

Ensure: A set of the learned prototype nodes P for the color
space representation.

1: Initialize two prototype points

Py = PArray,, P, = PArrays

Add P, and P, to P; Initialize the threshold of P; and
Ps.

Thl = diS(Pl, Pz),Thg = diS(Pl, Pg)

Where dis(Py, P») is the Euclidean distance. Initialize the
weight and edge of Py, Ps.

Wy=1,Wy=1,e12=0,a12=0

Initialize £ = ®. Add e; 2 to E.
2: Input a new pixel point ¢ from PArray

Sy = argming,e pdis(p, q)

Sy = argming,ecp/¢s,1dis(p, q)

3: If dis(q, S1) > Thy or dis(q, S2) > Ths, then add ¢ to
P, initialize W, = 1.

4: Else, Wg, = Wg, + 1. If there is no edge between S; and
Ss, build edge connection e, 5, and add it to E, initialize
the age as, s, Of €5, 5, as 1; else update a,, 5, as 1.

5: For all the edge connections e, ,, in E related to S,
Oy, = Qg,s, + 1. If az 5, > agemax, remove e, s, from

E.

6: 1
S1 =5 —_— -8
1 1+ W, x (q 1)
7: End else
8:

Ths, = maznens, dis(n, S1)
Ths, = maz,ens, dis(n, S2)

Where Ng, and Ng, are the sets of the nodes that are
connected with S and So. If Ng, or Ng, is empty, then
Th31 = diS(Sl, Sz) or Thsl = dZS(Sl,Sg)

9: Noise reduction. For every A times of iteration, remove
the single prototype nodes from P. A node p, is a single
prototype node if it has no connection with any other

nodes and n
W
w, < —

where n is the number of the generated prototype nodes.
10: Repeat step 5 to 9 until all the pixel points in PArray
have been calculated.
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Firstly, for each prototype p; in the prototype set P that is
generated by CPE, we calculate its density p; by using the
distance threshold parameter d:

pi=Y_ x(dis (pi,p;) — &)

p;EP

where dis (p;,p;) means the Euclidean distance between
pi and p;, x(x) = 1if x < 0 and x(z) = 0 if z > 0.
In the equation d is a threshold to judge whether p; and p;
are similar in human visual perception and should be a small
value.

Then for each node p;, calculate the minimum distance J;
between p; and the other prototypes that have higher density
than p;, and record the winner prototype p; as the Parent Node
of p; in a tree graph.

Jj=argmaz, ., dis(pi,p;)
6; = dis(pi, pj)

If p; is the maximum density, then §; = +o0.

Next we use dg as the threshold to pick up the density peaks.
If §; > &g, we think p; as a cluster center point and add it to
the center point set C'.

In different from the original clustering algorithm (Ro-
driguez A, 2014), we do not use another density threshold pg
to limit the center points for the denoising purpose. Because
all the prototypes are the representations of the pixels in the
image generated by CPE algorithm, in which the noisy pixels
have already been removed. An isolated prototype may also
represent the color feature of a small region in the image.
Therefore an isolated prototype could also be the center of a
cluster in which only a few or one prototype(s) are contained.

After all of the prototypes are processed, we could get a
forest built up by the prototypes. The center points in C are
the roots of the search trees and other nodes are associated
with its Parent Node. Actually, every tree in the forest forms
a cluster in the space. Then we could use the breadth-first
searching algorithm (BFS) to search the forest and get all the
clusters.

C. Merging the clusters in different color spaces

In the DPBC method, to make sure the Euclidean distances
between prototypes could approximate the difference of colors,
we use a small threshold value &g to calculate the density and
pick up the cluster centers. As a consequence, it produces
a large number of cluster centers and the image is over
segmented. But we know that a color point has different fea-
tures like RGB(red, green, blue) values, HSV(hue, saturation,
value) values and LAB (lightness, color-opponent dimensions)
values. The pixel points in an image have different coordinate
distributions in different feature spaces. Thus we could merge
the segmented regions based on the clustering results in differ-
ent color space. We propose the Multi-Space Merging(MSM)
method, in which we use the three most representative spaces,
RGB, HSV and CIE L*a*b*, to merge the clusters.
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For any two prototypes in one cluster, we think there is a
binary relationship between these two points. After we conduct
DPBC in all of the three color spaces, we could get a number
of prototype clusters. If we connect any two of the prototypes
in one cluster with a binary relationship, a network composed
of the prototypes are generated. The main idea of MSM is
to find all the connected sub-graphs in the network graph.
However, finding the connected sub-graphs directly is not
robust. Because between-class distances of the clusters are
quiet small in practice. Small overlap might also exist between
dissimilar clusters, which would lead to the merging of these
regions. Therefore, in MSM we use the region growing method
to obtain the connected sub-graphs. When merging two cluster
sets, to avoid the influence of noise, we introduce a concept
of Color Overlap Rate between the two pieces of regions. The
Color Overlap Rate r;; between two cluster sets ¢; and c; can
be defined by:

size(c; N¢j)

g = min(size(c;), size(c;))

Where size(c) is the number of prototypes in cluster c. If and

only if 7;; > 7o, we think region ¢; and c; are closely similar

in color and combine them together, where 7 is a parameter.
The whole MSM algorithm can be described as Algorithm

2:

Algorithm 2 Multi-Space Merging
Ensure: The merged region set: C
1: Use the DPBC in all of the RGB, HSV, CIE L*a*b*
spaces and produce three cluster region sets. The number
of prototypes for clustering is IV,,.

Ci={{p}, Phys -} APy 0y o }i=1,2,3

2: Initialize set C' by combining the cluster region sets
together and calculate the total number of the prototype
points N¢ in C:

C=C,UC,UC3,Nc = Z size(c)
ceC

3: While N¢ > N, and N is still changing, do:

4: For any two clusters ¢; and ¢; in C, if r;; > 7, merge c;
and c; by:

Cij = ¢ Ucy
Remove ¢; and ¢; from C and add ¢;; into C. Update N¢

by:
N¢ = Z size(c)
ceC

5: end while

After the merging process, the number of segmented region-
s declined significantly. However, some isolated prototypes
might still exist in the graph. These prototypes could also
produce tiny regions and contribute to the complexity of the
segmentation. Thus we put every isolated prototype into the
cluster set which has the closest prototype to it. In fact, the
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elimination of the isolated prototypes just causes imperceptible
changes in the segmented images.

D. Parameter determination

In the PEM clustering algorithm for image segmentation,
several parameters are needed:

1. threshold value of edge age agemax and the cycle size
A for noise reduction in CPE

2. the distance threshold parameters §7'“F for the RGB
space, 615V for the HSV space and 654 for the CIE L*a*b*
space in DPBC

3. the minimum overlap rate ry in MSM.

According to the CPE algorithm, the parameter agemax
determines the number of edges in the topological graph of
prototypes. When a prototype is evoked by a newly inputed
pixel point, the ages of the edges that are associated with
the winner prototype or the second winner prototype should
be updated. We use this parameter to remove the edges that
are too old. The endpoints of an old edge might be both
evoked by an input data point once but never resonate to each
other later. Hence, according to Hebbian rule, these inactive
edges should be removed. On the other hand, removing edges
causes isolated prototypes in the network. The parameter A
determines how often to remove the isolated prototypes for the
purpose of de-noising. Therefore, A is positively correlated to
the number of prototypes in the network. In fact, the prototype
network is generated adaptively. It reflects the distribution
of the original data set. Therefore, the whole system is not
sensitive to the two parameters. Usually, an image contains
more than 10000 pixels. The CPE receives the pixels one by
one, which means it needs more than 10000 rounds of iteration
to build the network. Consequently, these two parameters
could be set as tens or hundreds. In our experiments, we set
agemazx = 200 and A = 200.

In DPBC, the parameters 65¢E, oLV, EAP are the
criterions of RGB, HSV and CIE L*a*b spaces, to estimate
whether two color points are similar in human visual sense. If
the Euclidean distance between two color points is smaller
than any of the three parameters in the coordinate space,
we regard the two colors as similar colors. Therefore, the
parameters are determined according to human nature sense
and could be regarded as constants. If the parameters are too
large, dissimilar color prototypes might be categorized into
one cluster. On the other hand, if the parameters are too
small, a great number of cluster center points are produced
in DPBC, which would result in over-segmentation. By the
observation of the experiment results, we set 65°¢% = 0.04 in
the normalized RGB space, 65'°Y = 0.04 in the normalized
HSV space and §74” = 6 in the CIE L*a*b* space. The
DPBC method is robust with the settings.

In MSM the minimum overlap rate 7 is the parameter to
estimate whether two clusters with overlap prototypes could
be merged together. It is in the range of (0,1]. By setting
different values of the parameter, we can obtain hierarchical
segmentation results in different region granularities. Hence
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(4)

Fig. 5. The result of CPE: (1) the original image with the resolution of
531 x 407; (2) the preprocessed image; (3) the distribution in RGB space
of 80000 pixels randomly extracted from (2); (4) the distribution in RGB
space of the prototypes generated by CPE; (5) the image represented by 868
prototypes.

this parameter can be decided by users for the requirement of
further segmentation and merging.

III. EXPERIMENTS AND RESULTS

We apply the proposed method on various natural color
images. In Fig.5, we show the result of CPE. Fig.5(1) is the
original image with the resolution of 531 x 407. Fig.5(2) is the
result of preprocessed image with a 5 x 5 Gaussian filter. We
extract about 80000 pixels from Fig.5(2) in a random sequence
and the distribution of the pixels in the RGB space is shown in
Fig.5(3). The pixels are subject to Gaussian distribution. The
pixels in the main color kinds (like white and green block) are
in the dense regions, while those in the minor color kinds (like
red and black) are in the sparse regions. Then we apply CPE
algorithm on the pixel sequence and the generated prototypes
are shown in Fig.5(4). In Fig.5(4), 868 prototypes are produced
and we can find out that the density distribution of the
prototypes is very approximate to the original distribution.
Then we replace every pixel in Fig.5(2) with the most similar
prototype measured by Euclidean distance, and the produced
image is shown in Fig.5(5). Comparing Fig.5(5) with Fig.5(2),
we can hardly tell the difference between the two images
by human vision, even though we use only 868 different
prototypes to represent the image in Fig.5(5).

Then we apply DPBC on the prototypes for clustering in
RGB, HSV and CIE L*a*b* spaces. The algorithm separately
produces 86, 137, 45 center points in the three spaces. In
Fig.6(b), (¢), (d), we show the images represented by the center
points in the three spaces.

Since we use a small Euclidean distance threshold to calcu-
late the density of the prototypes in DPBC, a large number of
center points are produced. Then we merge the regions of the
three spaces by using MSM and we get the result Fig.6(e).
In Fig.6(e), we set 7o = 0.05, and the image is segmented
into 10 color regions. From the result, we can see the dog is
clearly segmented from the background, and the small parts
of the dog (like the eyes, tongue, mouth, nose and ears) are
also clearly segmented.

We apply the proposed method on more complex images
from BSDS500. Fig.7 and Fig.8 show a group of results
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Fig. 6. The result of DPBC: (a) the image represented by 868 prototypes;
(b) the image represented by 86 center points generated in RGB space; (c)
the image represented by 137 center points generated in HSV space; (d) the
image represented by 45 center points generated in CIE L*a*b* space; (e)
the segmentation result after applying MSM: the image is segmented into 10
color regions.

- - H

Fig. 7. The segmentation results of the relatively monotonous images in
BSDS500.

where we set rg = 0.25. r is the number of color regions in
the segmentation results, and it is determined automatically
according to the complexity of the image. In Fig.7, the
images are relatively monotonous with a few kinds of colors.
Therefore, they are segmented into to a few color regions. On
the other hand, in Fig.8, the images are more colorful and they
are composed with more color regions. This results show that
PEM could learn and segment the images adaptively without
set the target number of regions.

And we also compared with Mean Shift algorithm, which is
most widely used for clustering in color images. Many image
segmentation methods [3] use Mean Shift algorithm to cluster
the pixels into regions and then merge the regions. Fig.9 shows
the results of the comparison, and we can find out that with
the similar number of color regions, PEM performs better with
more obvious boundary between different parts, especially
those in similar color. Moreover, Mean Shift needs a sensitive

Original PEM PEM

Original

r=17

Fig. 8. The segmentation results of the more colorful images in BSDS500.
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Original

Mean Shift

PEM
r=20
Fig. 9. The comparison results with Mean Shift algorithm. The figures in first

row are the original images in BSDS500. The second row shows the results
of clustering by using Mean Shift. The third row shows the results of PEM.

Fig. 10. Comparison with Edge flow, Perceptual color and K-medoid
Clustering on BSDS500. (a) Original image, (b) Edge flow, (c) Perceptual
color, (d) K-medoid Clustering, (¢) PEM.

parameter band width threshold. To generate promising results,
the parameter needs to be adjusted for different images. But
in PEM, the number of color regions is determined adaptively.
The parameter ry only controls the region granularities. For
different images, we do not need to adjust 7y if the region
granularities is the same.

In Fig.10 and Fig.11, we make a comparison with other
state-of-art methods that are reported in [4] and [8] works.
We set the same parameter 7o = 0.25 for PEM in all of these
results (witch we suppose is the universal optimal parameter to
produce the segmentation results with the same granularity as
other methods do). In the results, some of the methods cause
over segmented problem with too much meaningless color
regions, while other methods sometimes cannot distinguish the
different objects with similar colors. But our proposed method
could clearly separate different objects without producing
much over-segmented regions, and the results is very close
to human visual discriminability.

IV. CONCLUSION

In this paper, we propose the PEM method to segment
the image by investigating the distance measuring method
between colors in human visual perception. We first use the
CPE algorithm to extract prototypes of the pixels in an image
according to the Hebb learning rule. Then we conduct the
DPBC method for the prototype clustering in RGB, HSV and
CIE L*a*b* color spaces. The clusters in the three spaces
are merged together subsequently to reduces the number of
regions. Consequently, the image is segmented based on the
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Fig. 11. Comparison with GRF, JSEG and GSEG on BSDS500. (a) Original
image, (b) GRF, (c) JSEG, (d) GSEG, (e) PEM.

color features of the objects. The proposed method could
segment the image adaptively without setting the number of
regions. The experiments show PEM is robust to various
images and is competitive against many other state-of-art
methods.

ACKNOWLEDGMENT

This work is supported in part by the National Science
Foundation of China under Grant Nos. (61375064, 61373001)
and Jiangsu NSF grant (BK20131279).

REFERENCES

[1] Pal N R, Pal S K. A review on image segmentation techniques[J]. Pattern
recognition, 1993, 26(9): 1277-1294.

[2] Cheng H D, Jiang X H, Sun Y, et al. Color image segmentation: advances
and prospects[J]. Pattern recognition, 2001, 34(12): 2259-2281.

[3] Tao W, Jin H, Zhang Y. Color image segmentation based on mean
shift and normalized cuts[J]. Systems, Man, and Cybernetics, Part B:
Cybernetics, IEEE Transactions on, 2007, 37(5): 1382-1389.

[4] Yan Y, Shen Y, Li S. Unsupervised color-texture image segmentation
based on a new clustering method[C]//New Trends in Information and
Service Science, 2009. NISS’09. International Conference on. IEEE,
2009: 784-787.

[5] Grau V, Mewes A U J, Alcaniz M, et al. Improved watershed transform for
medical image segmentation using prior information[J]. Medical Imaging,
IEEE Transactions on, 2004, 23(4): 447-458.

[6] Haris K, Efstratiadis S N, Maglaveras N, et al. Hybrid image segmentation
using watersheds and fast region merging[J]. Image Processing, IEEE
Transactions on, 1998, 7(12): 1684-1699.

[7] Makrogiannis S, Economou G, Fotopoulos S. A region dissimilarity rela-
tion that combines feature-space and spatial information for color image
segmentation[J]. Systems, Man, and Cybernetics, Part B: Cybernetics,
IEEE Transactions on, 2005, 35(1): 44-53.

[8] Ugarriza L G, Saber E, Vantaram S R, et al. Automatic image segmen-
tation by dynamic region growth and multiresolution merging[J]. Image
Processing, IEEE Transactions on, 2009, 18(10): 2275-2288.

[9] Ye Q, Gao W, Zeng W. Color image segmentation using density-based
clustering[C]//Acoustics, Speech, and Signal Processing, 2003. Proceed-
ings.(ICASSP’03). 2003 IEEE International Conference on. IEEE, 2003,
3: M1-345-8 vol. 3.

[10] Wang H, Suter D. Color image segmentation using global information
and local homogeneity[C]//Proceeding of 7th Conf. of Digital Image
Computing: Techniques and Applications. 2003.

[11] Yoon K J, Kweon I S. Color image segmentation considering human
sensitivity for color pattern variations[C]//Intelligent Systems and Ad-
vanced Manufacturing. International Society for Optics and Photonics,
2001: 269-278.

[12] Pappas T N. An adaptive clustering algorithm for image segmentation[J].
Signal Processing, IEEE Transactions on, 1992, 40(4): 901-914.

2016 International Joint Conference on Neural Networks (IJCNN)



[13] Radhakrishna Achanta, Appu Shaji, Kevin Smith, Aurelien Lucchi,
Pascal Fua, and Sabine Ssstrunk. SLIC Superpixels Compared to State-
of-the-art Superpixel Methods[J], IEEE Transactions on Pattern Analysis
and Machine Intelligence, vol. 34, num. 11, p. 2274 - 2282, May 2012.

[14] Shen F, Hasegawa O. A fast nearest neighbor classifier based on self-
organizing incremental neural network[J]. Neural Networks, 2008, 21(10):
1537-1547.

[15] Rodriguez A, Laio A. Clustering by fast search and find of density
peaks[J]. Science, 2014, 344(6191): 1492-1496.

2016 International Joint Conference on Neural Networks (IJCNN) 3045




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


