
Chapter 2
Image Segmentation with Eigen-Subspace
Projections

Jar-Ferr Yang and Shu-Sheng Hao

Abstract In this chapter, object segmentation algorithms dependent on the
characteristics of eigen-structure are proposed. The eigen-subspaces are obtained
from eigen-decomposition of the covariance matrix, which is computed from the
selected color samples. Hence, the color space can be transformed into the signal
subspace and its orthogonal noise subspaces. After statistical analysis of eigen-
structure of target color samples, the color eigen-structure segmentation algorithms
are then designed to extract the desired objects, which are close to the color sam-
ples. The principal component transformation (PCT) techniques, which only use
the signal subspace can be treated as a subset of color eigenspace algorithms. The
eigenspaces discriminated as signal and noise subspaces related to original color
samples should be effectively utilized. The adaptive eigen-subspace segmentation
(AESS) algorithm, which can save the computation of eigen-decomposition, is
applied to adaptively adjust the eigen-subspaces. Finally, the Eigen-based fuzzy
C-means (FCM) clustering algorithm has been proposed to effective segment color
object. By jointly consideration of signal and noise subspace projections of de-
sired colors, the separate eigen-based FCM (SEFCM) and coupled eigen-based
FCM (CEFCM) are used to achieve effective color object segmentation. With
these proposed algorithms, the color objects can be successfully extracted by using
eigen-subspace projections.

2.1 Overview

Image segmentation has been treated as a key technology in many smart image and
video related applications. To achieve effective coding, for example, the image seg-
mentation is the most important kernel in construction of the MPEG-4 video object
plane (VOP) [1, 2]. The four major features, including luminance, motion, color,
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and depth information, have been used as indexes for segmentation of the scenes.
If we can separate the video objects and encode them in the video bitstreams, we
can achieve the goals such as content scalability, sprite construction, and depth map
estimation [3]. Recently, there are many segmentation researches proposed by using
motion [4, 5], edge [6, 7], shape [8], and textual [9, 10] information. In this chapter,
we introduce the object segmentation algorithms by only using the characteristics
of eigenstructure of the color space. After statistical analysis of eigen-structure of
the color samples, the color eigen-structure segmentation algorithms, which con-
sider characteristics of signal and noise subspaces, are suggested. By using color
information only, simulations show that the proposed algorithm can successfully
detect the desired objects from standard video test sequences. In Sect. 2.2, the ob-
ject segmentation algorithm based on the color eigen-structure characteristics will
be stated. In Sect. 2.3, color object segmentation using adaptive eigen-subspaces
will be discussed. In Sect. 2.4, color object segmentation using fuzzy C-means with
eigen-subspace projection will be described. Conclusions will be stated in Sect. 2.5.

2.2 An Object Segmentation Algorithm Based
on Color Eigen-Structure Characterizations

As mentioned in Sect. 2.1, the principal component transformation (PCT) for im-
age segmentation has been proposed [11–13]. The PCT essentially exhibits a color
transformation to the signal subspace only. In this section, we propose a color eigen-
structure algorithm to efficiently and effectively retrieve the desired objects. In
Sect. 2.2.1, the theory of PCT will be introduced. In Sect. 2.2.2, we further analyze
the properties of eigen-subspaces. In Sect. 2.2.3, we adopt the statistical analysis of
the eigen-structure to design a color eigen-structure segmentation algorithm. The
detailed procedures of the algorithm are also described. In Sect. 2.2.4, simulation
results will be shown to verify the above theoretical development.

2.2.1 Principal Component Transformation (PCT)

The principal component transform (PCT) [17–19] is also called discrete Karhunen-
Loêve (KL) expansion. The KL transformation achieves optimal energy compaction
and independent properties, which are commonly used for data compression. For the
purpose of color object segmentation, the PCT could help to identify the most likely
component. The proposed algorithms can also apply to other color coordinates, for
example, YUV or YCrCb as well. Without losing the generality, we choose RGB
components to form the covariance matrix related to the selected color samples.
First, using mouse clicks on the desired object to choose a few desired color sam-
ples. The kth sample in the RGB color vector is given by

sk = [rk gk bk]T , (2.1)
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where rk,gk, and bk are red, green, and blue levels of the kth sample in each color
plane. In (2.1), the superscript T denotes the transpose of the argument vector. Given
M color samples, we can compute the covariance matrix, Rs as

Rs =
1
M

M

∑
k=1

sksT
k . (2.2)

Applying the eigen-decomposition procedure on the matrix Rs, we can obtain
three eigenvectors w1, w2, and w3. The eigenvectors are corresponding to the eigen-
values λ1, λ2, and λ3, which are arranged in the descending order as

λ1 ≥ λ2 ≥ λ3. (2.3)

The covariance matrix Rs can be expressed by

Rs =
3

∑
i=1

λiwiwT
i . (2.4)

The first principal component w1 corresponding to the largest eigenvalue be-
comes the best representation of the desired data samples. If any unknown color
samples possess large projections along w1, we may treat those samples to have
a higher possibility with the same classification in color as the selected samples.
In order to obtain more satisfactory results, we should jointly consider w1, w2,
and w3 projections. We can divide the projected space into two kinds of sub-
spaces, i.e. signal subspace and noise subspaces. The signal subspace is formed
by the eigenvector w1 associated with the largest eigenvalue λ1 while the noise
subspaces are constructed by the eigenvectors w2 and w3 corresponding to λ2 and
λ3. It is noted that the eigenvectors, w1, w2, and w3 of any covariance matrix
are orthonormal vectors. Thus, the signal and noise subspaces are orthogonal with
each other.

For most PCT methods [14–16], that used the first principal component for color
object extraction, they would face the problem in determination of their thresholds
by statistical analyses of eigen-structures [17]. For semiautomatic color object seg-
mentation, the sampled pixels could be obtained from mouse clicks upon the desired
color objects. With the computed or prestored eigen-structures, the PCT method
can extract the features in some conditions [18–20]. In order to localize the desired
object in the image, the adaptive eigen-subspaces method will be used to extract
the interesting color object [21]. However, the detection performance of the PCT
method will be degraded if the color samples are not properly adopted. To achieve
satisfactory segmentation, we should further cooperate with iterative or fuzzy in-
ferences to improve the PCT method [22]. In order to extract meaningful objects
in different images, we can collect all desired colors to setup color subspaces for
initialization of the fuzzy clustering algorithms.



28 J.-F. Yang and S.-S. Hao

2.2.2 Color Eigen-Subspaces

Assumed the desired objects exhibit an average color sensation, which previously is
expressed as (2.1). It is noted that the derivations can be applied to any other color
space. However, we develop the algorithm for the RGB color space only. In order to
divide the three-dimension color spaces into noise and signal subspaces, we further
assume that the desired objects contain no more than two large-displaced colors
in the average sense. In other words, the number of the desired colors is limited to
p = 1 or 2. As to the texture or the shadow effect of the desired objects, the variation
of colors in the desired objects are modeled as independent noises and expressed by

gk = sk + nk == [rk gk bk]T +[nr,k ng,k nb,k]T , (2.5)

where nr,k, ng,k, and nb,k are the kth sampled color noises, which are assumed to be
statistically independent to the desired color vector sk and uncorrelated with each
other. The covariance matrix Rs of the sampled color vectors is defined as

Rg = E
[

gkgT
k

]

. (2.6)

Since the number of average color vectors, p is limited under two, i.e., p = 1
or 2, the noise free color covariance matrix can be expressed by p principal compo-
nents as

Rg =
p

∑
i=1

λivivT
i , (2.7)

where λi represents the ith eigenvalue of Rg and vi denotes its corresponding
eigenvector. The span of si, i = 1, . . . , p is equal to the span of vi, i = 1, . . . , p, which
is called the signal subspace.Due to the independent assumption of sample noises,
the covariance matrix of the sample noises can be modeled as

Rn = σ2
n I. (2.8)

The covariance matrix of sampled color vectors composed of both signal and
noise components can be expressed by

Rg = Rs + Rn =
p

∑
i=1

λivivT
i + σ2

n I =
p

∑
i=1

(λi + σ2
n )vivT

i +
3

∑
i=p+1

σ2
n vivT

i . (2.9)

It is noted that the random noises in the average sense do not change the direction
of original signal subspace but add the noise power (variation) σ2

n to the true eigen-
values of Rs. The remaining subspaces in the RGB color coordinate system, which
are called the noise subspaces, become the span of {vi, i = (p + 1), . . . ,3}. It is ob-
vious that the eigenvectors of a symmetrical matrix are orthogonal to each other.
Accordingly, the signal subspace and noise subspace will be orthogonal to each
other. For example, if we choose the skin as the desired objects by choosing p = 1,
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Fig. 2.1 The relationship of signal and noise subspaces

Fig. 2.2 Problems in the first
principal component with
larger projection (The solid
region (dark blue) and dot
region (blue) have the same
direction)
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the signal is the span of {v1} and the noise subspaces become the span of {v2,v3}.
Figure 2.1 shows the relationship of signal and noise subspaces for the skin objects.

In order to segment the desired object, the most frequent approaches perform the
so-called principal color segmentation [23–27]. First, we can obtain the sampled co-
variance matrix followed by an eigen-decomposition to obtain v1, the eigenvector,
which is corresponding to the largest eigenvalue. With the principal component vec-
tor at hand, we then project all the color vectors of image pixels to the principal
component vector v1. Finally, the object segmentation can be achieved by choosing
the pixels, which have the largest projections with a proper threshold. The threshold
method of the principal value technique is widely adopted for many optimization
applications. However, there are two problems that arise in use of the first principal
color component for color object segmentation. Figure 2.2 shows the fact that the
larger the projection, it implies the better match of color. From the viewpoint of
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Fig. 2.3 Problem in the first principal component with different hues

color perception, the strong intensity color should be totally different from the low
intensity color even if they share the same color space. To classify the dark-blue
cloth color, the light-blue sky color, however, will have larger projection. Figure 2.3
shows the case that the mixed colors could have the same color projection although
they have different hues. The pure yellow color (R+G) and the pure red color will
have totally the same projection if the pure red color object is selected. The highly
mixture color such as the high intensity white color, usually has larger projection.
Hence, we need exploit the complete eigen-structure to develop a color segmen-
tation algorithm to overcome those deficiencies in using the principal component
approaches.

2.2.3 Color Eigen-Subspaces Segmentation

For given sampled color vectors gk of the target objects, we can obtain the sampled
covariance matrix R̂g as (2.6). Through the eigen-analysis procedures, we can obtain
the eigenvectors v̂1, v̂2, and v̂3 corresponding to the eigenvalues, λ̂1, λ̂2, and λ̂3,
which are arranged in the descending order as

λ̂1 ≥ λ̂2 ≥ λ̂3. (2.10)

Since the covariance matrix R̂g can be expressed by

R̂g =
p

∑
i=1

(λ̂i + σ̂2
n )v̂iv̂T

i + σ̂2
n

3

∑
i=p+1

v̂iv̂T
i . (2.11)

The least eigenvalue of the sampled covariance matrix can be used as the
estimator of the noise power as

σ̂2
n ≈ λ̂3, (2.12)
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and the corresponding eigenvector is estimated by v3 ≈ v̂3. The estimated principal
eigenvalues are given by

λ1 ≈ λ̂1 − λ̂3, (2.13)

and

λ2 ≈ λ̂2 − λ̂3. (2.14)

While the estimated eigenvectors are v1 ≈ v̂1 and v2 ≈ v̂2. Before the devel-
opment of our segmentation algorithm, we should further analyze the statistical
properties of the above estimators such that the thresholds of the signal and noise
subspaces are reasonably designed.

2.2.3.1 Statistical Analysis of Eigen-Structures

The covariance matrix of the interested spatial samples is given by gk as in (2.5). The
covariance matrix Rg and its estimated matrix R̂g are respectively defined in (2.9)
and (2.11). Based on R̂g, we can obtain the estimated signal and noise subspaces.
To explore their expectations and deviations, we should first analyze the asymptotic
statistics for the eigenvalues and eigenvectors of the sampled covariance R̂g under
the Gaussian process assumption [28]. Based on the perturbation formulation, the
first- and second-order moments of λ̂i and v̂i can be obtained [20, 29]. The eigen-
vectors of the signal subspace v̂i and its associated eigenvalues λ̂i are asymptotically
normal with noise subspaces v̂ j and λ̂ j, for i, j = 1,2,3, i �= j. According to [20], the
expectation value of v̂i and the covariance of λ̂i can be expressed by (2.15) and
(2.16) as follows:

E[v̂i] ≈ vi − 1
2

3

∑
j=1, j �=i

λiλ j

(λ j −λi)2N
vi, (2.15)

cov(λ̂i, λ̂ j) ≈ δi, jλ 2
i

N
, (2.16)

where N is the number of sampled pixels and δi, j is the Kronecter delta. The esti-
mated values of v̂i and λ̂i can be expressed by

λ̂i = λi + ξi, (2.17)

and

v̂i = vi + si, (2.18)

where the error terms, si and ξi have the following asymptotic properties [20]:

σ2
λiλ j

= E[ξiξ j] ≈ λ 2
i

N
δi, j, (2.19)
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E[si] ≈− λi

2N

3

∑
k=1,k �=i

λk

(λi −λk)2 vi. (2.20)

The noise term ξ i in (2.17), which has been obtained from (2.19) will be used to
set the threshold values on three transformed color spaces in the following section.

2.2.3.2 Object Segmentation Algorithm Based on Color Eigen-Structures

In order to classify the input color vector into the signal and the noise subspace, we
can project the color vector on the eigenvectors of the sample covariance matrix as

yi,k = vT
i ·gk, for i = 1,2,3. (2.21)

Now, we should statistically analyze the projection length of yi,k by taking ex-
pectation of the power as

E[yi,kyT
i,k] = E

[

vT
i gkgT

k vi
]

= vT
i R̂gvi = λ̂i. (2.22)

Thus, the average length of the eigenvector projection should become

|yi,k| =
∣

∣vT
i ·gk

∣

∣ =
√

λ̂i, for i = 1,2,3. (2.23)

For the principal component approach, we can simply detect the color pixel by
choosing

|y1,k| =
∣

∣vT
1 ·gk

∣

∣ ≥
√

λ̂1. (2.24)

This is the so-called signal subspace projection. Any pixel color vector, which
has large enough projection onto the direction of the principal color vector, will be
treated as the object pixel for color segmentation. As Fig. 2.2 shown, the brighter
color generally has larger projection. As shown in Fig. 2.3, the mixed color could
have the same projection as the target color space. The approach of principal com-
ponent usually preserves the desired color object, however, erroneously includes
brighter color and mixed color pixels.

From the statistics analysis obtained in Sect. 2.2.3.1, we should classify the color
space by using both signal and noise subspaces by determining the threshold values
in the transformed color spaces. First, we should detect the signal space component
more precisely. In order to include 97.5% confidence interval of the principal pro-
jection, we propose the signal-subspace detection criterion by modifying (2.24) as

√

λ̂1 + k1sσλ1
≥ |y1,k| ≥

√

λ̂1 − k1sσλ1
, (2.25)

where k1s is a constant that equals to 3. The deviation σλ1
of the first principal

eigenvalue is given by

σ2
λ1

= E[ξ1ξ1] ≈ λ 2
1

N
. (2.26)
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We relax the lower bound by three deviations to include the possible shadow
colors and add the upper bound with three deviations to exclude the unwanted
brighter colors. Thus, we can eliminate the incorrect luminance pixels as possible.
The pixels, which meet the signal subspace criterion stated in (2.25), could be very
possible mixed color pixels.

In order to further exclude the mixed color pixels, we should use the noise space
criterion to remove the pixel color pixels from the signal subspace pixels, which
satisfy the criterion stated in (2.25). The noise subspace criterion can be discussed
in two cases: p = 1 and p = 2. For p = 1, the noise subspace now becomes the span
of {v1,v2}. We should perform the noise subspace criterion as

|yi,k| = |vT
i ·gk| >

√

λ̂i + kinσλi
, for i = 2,3, (2.27)

to remove the unwanted pixels, where kin is a constant to specify the confidence
interval of the noise. We know that the pixels, whose projections to the noise sub-

space should be as small as
√

λ̂i for i = 2,3, are matched with the desired color
modal. For any other pixels with mixed colors, their color vectors project onto the

noise subspace will be larger than
√

λ̂i for i = 2,3. Similarly, we can keep the desired
pixels once we find their projections to the noise subspace are beyond the limits of

kin ·
√

λ̂i ± k2n ·σλi
for i = 2,3. For p = 1, we perform the detection of

k1n ·
√

λ̂i + k2n ·σλ2
≥ |y2,k| =

∣

∣vT
2 ·gk

∣

∣ ≥ k1n ·
√

λ̂i − k2n ·σλ2
(2.28)

and

k1n ·
√

λ̂i + k2n ·σλ3
≥ |y3,k| =

∣

∣vT
3 ·gk

∣

∣ ≥ k1n ·
√

λ̂i − k2n ·σλ3
(2.29)

to remove the unwanted pixels. We set the constants k1n = 3 and k2n = 3 in our
experiment to achieve the best results. In (2.28) and (2.29), σλ2

and σλ3
denote the

deviation of the second and third eigenvalues respectively given by

σ2
λ2

= E[ξ2ξ2] ≈ λ 2
2

N
, (2.30)

and

σ2
λ3

= E[ξ3ξ3] ≈ λ 2
3

N
. (2.31)

In summary, we utilize the complete projections of both signal and noise sub-
spaces to detect the desired color pixels. The signal-subspace projection helps
to classify the desired pixels while the noise-subspace projection provides the
information to eliminate the unmatched pixels. Theoretically, the noise plane re-
lated to the smallest eigenvalue can highlight the most wanted object after removing
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Fig. 2.4 Simulation function block diagram of video object segmentation

noise. After join considering with signal space, the smallest eigenspace is too
sensitive to extract the objects that contains too many shadows. These shadows
usually are with a similar hue as the desired samples that we should take them
as parts of the objects. In order to correct representing the segmented objects, we
can take the advantage that the extracted color from the second large noise plane
is not so accurate as the smallest one. By inspecting the second noise space re-
lated to the second large eigenvalue, we find out that this plane can well describe
the silhouette of video object. Hence, the proposed color segmentation using com-
plete eigen-structure should result effective and efficient detection performances in
detecting the desired color objects. Figure 2.4 shows the procedures of applying
the proposed color eigen-structure segmentation method on some known or instant
samples of the desired color object such as skin, hair, or clothes.

2.2.4 Simulation Results

In order to verify the effectiveness of the proposed algorithms, we adopt four stan-
dard sequences, Mosaic, Ball, Akiyo, and News, which are shown in Fig. 2.5 in
simulations. For each image, we mark with a triangular sign on it to indicate the
desired color object we want to extract. Because we have not introduced any spa-
tial and temporal information, all the other similarly colored objects with the same
color sensation will also appear in the segmentation results. To clearly exhibit the
desired color in the segmented images, we only show the desired color and unde-
sired color objects by bright pixels with gray level = 255 and dark pixels with gray
level = 0, respectively. First, we only apply the PCT algorithm to extract the de-
sired color objects. From the signal and noise subspaces, the segmented objects are
varied diversely by different threshold setting. By using the threshold determination
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Fig. 2.5 Test sequences: (a)
Mosaic; (b) Ball; (c) Akiyo;
(d) News (The desired color
objects are marked with
triangles)

Fig. 2.6 Segmented images
obtained by the PCT method
using threshold and logical
operation: (a) Mosaic;
(b) Ball; (c) Akiyo; (d) News
sequence

suggested in [17] and applying some logical operations, we can obtain four seg-
mented images as shown in Fig. 2.6. Although the main parts of the desired object
are extracted, noise cannot be easily de-correlated from signal.

The test sequences are shown in Fig. 2.5 embedded with different characteristics.
The scenes of these four sequences are quite different. Akiyo sequence has a blue
static TV screen on her background and with some background color similar to
Akiyo’s face. Carphone sequence has large head movement and fast scene changes
outside the car window. Due to fast head movement, the lightness changes occur
on his face very quickly. This lightness effect is usually hard to overcome by other
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Fig. 2.7 Simulation results of four test sequences: (a) Akiyo; (b) Carphone; (c) News; (d) Mother-
and-daughter sequences (up: original images; down: extracted skin color objects)

segmentation methods. The News sequence has two newscasters that occupy two
small regions in the scene. In this sequence, the background is more complex with
one static blue screen and a large scene-changing TV screen. Actually, the face skin
regions are very small in this sequence. The MD sequence has serious shadow effect
on mother’s clothes and daughter’s head.

While simulation, we extract the desired samples only from the first frame of the
sequences to obtain the covariance matrix. The skin color extraction results of the
first frame from four test sequences are shown in Fig. 2.7. The images on left column
show the original images while the right column exhibits the extracted skin color
regions. Simulation results show that those skin regions are successfully extracted
by using our algorithm.

Inspecting Fig. 2.7, our algorithm can also identify even the small regions such
as eyes and mouth, which are with a different color sensation from the skin. In
Fig. 2.7b, we also extract the car’s roof because it has similar color as the man’s
face. Applying the temporal redundancy, of course, we can remove the car’s roof
by using some motion information. In Fig. 2.7d, the extraction results of Mother’s
and daughter’s faces are influenced by the shadows but the main parts of skin are
revealed. Figure 2.8 shows the extraction results of clothes and hair objects. Inspect-
ing Fig. 2.8a,b, we can extract the Akiyo’s clothes and hair separately according to
different sample color. We can also extract the clothes of News and MD as shown
in Fig. 2.8c,d. In order to verify the robustness of our algorithm, we take different
frames in Akiyo’s sequence with the same transformation matrix obtained from the
first frame. From Fig. 2.9, we find that our algorithm can mostly extract the skin
regions, in which her different expressions can be also observed.

Generally speaking, it is almost unnecessary to perform any post processing
method in our algorithm. Inspecting the simulation results, even the small features
such as eyes and mouth can be also indicated. If needed, we can also utilize the
temporal information to remove the unwanted static scenes. The signal and noise
subspaces’ thresholds can be defined according to (2.25), (2.28), and (2.29). In
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Fig. 2.8 Extracted results of clothes and hair in (a) Akiyo (clothe); (b) Akiyo (hair); (c) News
(clothe); (d) Mother-and-Daughter (clothe)

Fig. 2.9 Extracted results
with same threshold k1n = 2,
k2n = 3, k1s = 3 in different
frames: (a) frame 10;
(b) frame 30; (c) frame 50;
(d) frame 70

order to verify the detection criterion, we need to explore the different deviations,
which will significantly influence the formation of signal subspace applying k1n = 2,
k2n = 3, k1s = 3 and k1n = 1, k2n = 3, k1s = 3 as described in (2.25), (2.28), and
(2.29) to the Akiyo sequence. Figure 2.10b shows that k1n = 2 with ±3σλ2

devia-
tion achieve better segmentation than that with k1n = 1 with ±3σλ2

as in Fig. 2.10a,
where the signal deviation is ±3σλ1

in both cases.
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Fig. 2.10 Extracted results
by different thresholds with
(a) k1n = 1, k2n = 3, k1s = 3;
(b) k1n = 2, k2n = 3, k1s = 3

2.3 Color Object Segmentation Using Adaptive
Eigen-Subspaces

In the previous section, we have shown that the eigen-subspace is an effective
method for separating the signal and noise components. While segmenting the color
video objects, several difficulties could be met. If the object is even originally with
the same color, it could show distinct properties under different lightening condi-
tions such as shade. In order to solve such problem, an adaptive eigen-subspace seg-
mentation (AESS) algorithm is proposed [21]. The proposed method can estimate
and adaptively adjust the eigenvectors under segmentation procedure. Although the
object color is changed with different shade, it is still successfully extracted by using
this algorithm. Accompaning with the proposed AESS algorithm, three searching al-
gorithms are used to effectively and efficiently locate the possible pixel. Both AESS
and the proposed searching algorithms will be discussed in the following sections.

2.3.1 Adaptive Eigenvector Estimation

The eigen-subspace transformation that we have stated in the previous section was
applying the same eigenvectors through the simulation. Sometimes, the eigenvectors
need to be adaptively adjusted according to different simulation conditions. It is
difficult to segment the color object with different shade by just using the same
eigenvectors. We introduce a method that can adaptively adjust the eigenvectors in
simulation. As stated in (2.1), we can choose an initial RGB color pixel to form a
vector sk. Then, the related covariance matrix Rs can be obtained using (2.2). With
covariance matrix, Rs, we can get the initial eigenvectors w0 of the selected color
pixel. Also, we can transform the initial RGB color pixels s0 to eigen-space using
eigenvectors w0 as following:

y0 = wT
0 · s0. (2.32)

The term y0 is projected vectors of the initial color sample, which forms both
the signal space and noise spaces. We can iteratively update the next eigenvectors
with y0. The AESS method is illustrated by the following equations as:

w′
k = wk ±2μskyT

k . (2.33)
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where

wk+1 =
w′

k

‖wk‖ . (2.34)

and

yk+1 = wT
k+1sk+1, k = 0, . . . ,N. (2.35)

The term w′
k is the eigenvector with deviation 2μskyT

k belongs to previous pixel
and wk+1 is the updated eigenvector of the current pixel. The vector sk consists of
the gray values of red, green, and blue component of the current pixel. The value
of the converging parameter μ is small that approximates to 10−6. The plus sign in
(2.33) will conduct the equation to reach a maximum value that represents the signal
subspace. The minus sign in (2.33) will find the noise subspace that is converged to
a minimum value. For iterative computation of the covariance matrix, Rs, it can be
updated as

Rs(k + 1) = (1−α)Rs(k)+ αsk+1sT
k+1, (2.36)

where Rs(k) represents the kth covariance matrix of the kth sample color pixel and
Rs(k + 1) represents the (k + 1)th covariance matrix of the (k + 1)th sample color
pixel. We can apply following equation to update the eigenvalues without computing
the covariance every time.

λk+1 = (1−α)λk + α|yk+1|2, (2.37)

where λk represents the kth eigenvalue and λk+1 represents the (k+1)th eigenvalue.
We can find the mean value of the estimated eigenvectors from (2.33). The estimated
mean eigenvectors can be represented as follows:

E[w′
k] = E[I± μRs(k)]E[wk], (2.38)

where I is the identity matrix. Inspecting (2.38), we find out that normalized eigen-
vector w′

k of previous pixel will approximately equal to eigenvector wk of the current
pixel. According to this property, we can select μ to adaptively adjust and estimate
the eigenvectors of the successive pixels according to (2.33). Using plus and minus
sign in (2.38), wk will converge to signal plane and noise planes respectively.

2.3.2 Search Algorithms for Desired Color Object

The AESS algorithm is applied to the desired region with first selecting an initial
pixel. We take the sampled pixel as the starting point of our searching algorithms.
From this starting point, the eigenvectors will be adaptively updated according to
different searching routes. Finally, the desired color object will be segmented. The
quality of the segmented result is heavily influenced by the shading condition, be-
cause the eigenvectors are very sensitive to the color shade. In order to overcome this
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shading effect, we proposed three searching algorithms to solve the problems. Using
this method, we hope that the segmented result will not be influenced by the back-
ground with similar color. With adaptively updating eigen-subspaces according to
the search routes, the proposed method can obtain a distinct object. The three search
algorithms will be described as follows. The square spiral search (SSS) algorithm is
shown in Fig. 2.11. The four quadrant search (FQS) algorithm is shown in Fig. 2.12.
The slant horizontal vertical search (SHVS) algorithm is shown in Fig. 2.13. The

Fig. 2.11 SSS search
algorithm

Fig. 2.12 FQS search
algorithm
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Fig. 2.13 SHVS search
algorithm

advantage of the SSS method is suitable to segment the interior part of the object
because its color is changing smoothly. But, the SSS method is not good at seg-
menting the exterior part of the object because the boundaries with different color
will be a major problem. The FQS method is searching separately in four quadrants
where each area is independent. The advantage of the FQS method is that different
color area will not influence each other. The disadvantage of the FQS method is that
small area in certain quadrant will be difficult to extract. The main reason is that the
eigenvectors are updating too fast and is hard to segment the abrupt color-changing
area. The SHVS method takes both advantages from the SSS and the FQS methods
that is most suitable to our simulation.

2.3.3 Block Diagram of Adaptive Eigen-Subspace
Segmentation Method

Figure 2.14 shows the block diagram of the proposed AESS method. First, we will
sample the chosen pixel and the surrounding eight pixels to obtain the initial eigen-
vectors as in Fig. 2.15. Then, new eigenspaces, related to the pixel obtained by the
searching algorithms as in Figs. 2.11, 2.12, and 2.13 will be formed. Then, we apply
the eigen-subspace transformation of the color planes to form the signal and noise
planes as shown in Fig. 2.16. Finally, we can use (2.39) to differentiate between the
desired and unwanted color pixel. If the pixel is justified as a desired color pixel then
the AESS method will be applied otherwise the algorithm will search next pixel and
take the eigenvectors of current pixel as reference. We devise an equation to separate
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Fig. 2.14 Adaptive eigen-subspace segmentation (AESS) algorithm
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Fig. 2.15 Adaptive eigen-subspace segmentation (AESS) algorithm
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Fig. 2.16 Color space transform to eigenspace

the desired and unwanted pixels that is described as follows:
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< Π , (2.39)

where

SAα
1 = sk ·wk−1,s

NAβ
1 = sk ·wk−1,n1

NAγ
2 = sk ·wk−1,n2

SBα
1 = sk−1 ·wk−2,s

NBβ
1 = sk−1 ·wk−2,n1

NBγ
2 = sk−1 ·wk−2,n2.

In (2.39), the first term represents the current pixel and the second term repre-
sents the previous pixel. The index k represents the current searching location and
k − 1 represents the previous location. The term sk and sk−1represent the current
and previous RGB color pixel. The term wk−1,s, wk−1,n1, and wk−1,n2 represent the
eigenvectors of the (k − 1)th vectors in signal and two noise planes. The terms,
wk−2,s, wk−2,n1, and wk−2,n2 represent the eigenvectors of the (k− 2)th vectors in
signal and two noise planes. The term of SA1 and SB1 represent the RGB pixels
projected on the signal plane, whereas, NA1, NA2, NB1, and NB2 are the RGB pixels
projected on the noise plane. We find out that is appropriate to take α = 2, β = 1,
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and γ = 1 in simulation. If the difference value of the projection exceeds the thresh-
old Π , then the searching point is set to gray level = 255 otherwise set to 0. Finally,
simulation will be terminated if the pixel number of gray = 0 has exceeded certain
threshold number Nc.

2.3.4 Simulation Results

Figure 2.17a,b show the result of SSS and FQS algorithm, separately. The sim-
ulation sequence Mitq, Clair, Bream, and Students are shown in Fig. 2.18a. The
desired color objects that are to be segmented are shown as arrow marks. Applying
the SHVS algorithm on the four sequences, the segmented results are shown from
Fig. 2.18b. Comparing the Mitq segmentation results in Figs. 2.18 and 2.17, it can
be shown that the SHVS algorithm is better than the other two search algorithms.
Figure 2.19 shows the segmentation results of Bream sequence with two different
parameters according to (2.39): (a) α = 2, β = 1, and γ = 1 and (b) α = 2, β = 1,
and γ = 0.

Fig. 2.17 (a) SSS (b) FQS Segmentation Results of Mitq sequence

Fig. 2.18 (a) Original sequences (Desired color objects are marked with arrows) (b) Segmentation
results by SHVS Methods
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Fig. 2.19 Segmentation
results with parameters of
Bream sequence by AESS
method: (a) α = 2, β = 1,
γ = 1; (b) α = 2, β = 1, γ = 0

2.4 Color Object Segmentation Using Fuzzy C-Means
(FCM) with Eigen-Subspace Projection

In this section, two eigen-based FCM methods by combing both PCT and FCM con-
cepts together to achieve effective color segmentation were proposed. In Sect. 2.4.1,
conventional FCM algorithms are briefly reviewed. In Sect. 2.4.2, the separated
eigen-based FCM (SEFCM) algorithm with the FCM clustering mechanism is
separately applied to projections of signal and noise subspaces. Then, a coupled
eigen-based FCM (CEFCM) method by introducing an eigen-based membership
function embedded in the FCM cluster process is introduced. In Sect. 2.4.3, the sim-
ulation results show to verify the proposed methods for any desired color objects
segmentation.

2.4.1 Fuzzy C-Means (FCM)

The fuzzy C-means (FCM) algorithm [30–32] is an iterative unsupervised clustering
algorithm that robustly adjusts representative centers of each pattern to best parti-
tion the data into several distinct classes. The clustering process is accomplished by
minimizing an objective function, which is defined by some measure similarity of
the data samples. The objective function can be expressed as follows [30, 31]:

Jm(U,V;X) =
N

∑
q=1

c

∑
j=1

um
jq ·dist2(xq,v j), (2.40)

where N is the number of the data, c is the number of clusters, and scalar m is
the arbitrary chosen FCM weighting exponent, which must be greater than one.
In (2.40), X = {x1,x2, . . . ,xN} denotes a set of unlabeled column vectors and
V = {v1,v2, . . . ,vc} represents the unknown prototypes, which are known as the
cluster centers. The vectors xq and v j are both k-dimensional real Euclidean space
ℜk. Hence, the similarity measurement dist(xq,v j) can be specified as either the
Euclidean distance or the Mahalanobis distance. The fuzzy C-partition matrix U is
with size of c×N that its element can be defined as u j,q ∈ Mfcm as,
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Mfcm ≡
{

U = (ujq)|0 ≤ ujq ≤ 1, for all j,q;

c

∑
j=1

ujq = 1, for all q;0 <
N

∑
q=1

ujq < N, for all j

}

.

If dist(xq,v j) is specified as the Euclidean distance then it can be expressed as

dist(xq,v j) =

[

k

∑
α=1

(xqα − v jα)

] 1
2

. (2.41)

where xqα and v jα are the elements in the vector of xq and v j. If the distance
dist(xq,v j) is an inner product norm that is called Mahalanobis distance, then, it
is expressed as

dist2(xq,v j) = ‖xq −v j‖T A j‖xq −v j‖ = QT
j A jQ j. (2.42)

In (2.42), A j is a k×k positive defined matrix derived from the jth cluster. When
A j = I, (2.42) is equal to the Euclidean norm as specified in (2.41). For m > 1 and
xq �= v j, the objective function Jm(U,V;X) may lead to a minimum if the following
equations hold:

ujq =
(distjq)

−2
m−1

∑c
i=1(distiq)

−2
m−1

∀ j,q. (2.43)

and

vi =
∑N

q=1(ujq)mxq

∑N
q=1(ujq)m

∀ i. (2.44)

The similarity measure terms distjq and distiq specified in (2.43) can be defined as
either (2.41) or (2.42)with respective cluster center vi or v j. Unlike traditional clas-
sification algorithms, the FCM algorithm assigns all object patterns to each cluster
in fuzzy fashions. Each pattern associated with a belonging specified by member-
ship grades between 0 and 1. The fuzzy membership value describes how close
or accurate a sample resembles an ideal element of a population. The imprecision
caused by vagueness or ambiguity is characterized by the membership value. In-
clusive of the concept of fuzziness, the FCM algorithm computes each class center
more precisely and with higher robustness to the noise. The procedures of the FCM
algorithm [30, 31] are enlisted as follows:

1. Initialization: Fix the number of cluster c and feature coefficient m, set iteration
loop index t = 0, and select initial cluster centers.

We are randomly select c initial cluster centers from the space as v(0)
j , for

j = 1,2, . . . ,c. Initialized U(0).
2. Sampling: Choose total N data samples xq for q = 1,2, . . . ,N from the image. It

is performed by clicking the mouse on the image.
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3. Calculating the fuzzy cluster centers: Compute all cluster centers {v(t)} using
U(t−1) with the equation specified in (2.9).

4. Update membership function U(t): Update U(t) using v(t) with the equation spec-
ified in (2.8).

5. Check convergence condition: Check the previous defined convergence behavior
as � by computing

� =
∣

∣

∣v(t) −v(t−1)
∣

∣

∣ . (2.45)

6. If � < ε or a preset loop count Nt is reached then terminate; otherwise set t =
t + 1 and go to Step 3, where ε is the preset terminating criterion.

In (2.45), the superscript t denotes the number of iterations. If the changes of the
class centers are less than a predefined criterion ε that means the objective function
Jm(U,V;X) is no longer decreasing. The final segmentation result is achieved.

To improve orientation sensitivity (OS), Schmid in [33] suggested a modified
FCM algorithm (OSFCM) by modifying A j described in (2.42) as:

A j = VT
j L jV j, (2.46)

where L j denotes the diagonal matrix containing the inverse of eigenvalues and V j

represents the unitary matrix lining up the corresponding eigenvectors of the fuzzy
covariance matrix Cx

j for the jth cluster. The fuzzy covariance matrix for the jth
cluster Cx

j is given by

Cx
j =

1
N

N

∑
q=1

um
jq

(

xqxT
q −v jvT

j

)

. (2.47)

From simple matrix derivations, it is obvious that A j = (Cx
j)
−1.

2.4.2 Eigen-Based FCM Algorithms

In this section, we combine the FCM classification with eigen-subspaces projec-
tion together to achieve effective color segmentation. By using eigenvectors, we can
transform the original color space into the modal coordinate system of the desired
color as

zq = [wq w2 w3]T xq = [φq ϕq ψq]. (2.48)

Now, the first-principal elements, φq for q = 1,2, . . . ,N specify the signal subspace
whereas the second and the third elements ϕq and ψq and build the noise subspaces.
The vector xq is defined as in (2.40). With signal and noise subspaces, we de-
velop two eigen-based FCM detection procedures, the separate eigen-based FCM
(SEFCM) and the coupled eigen-based FCM (CEFCM) methods. The main proce-
dures of eigen-based FCM are shown in Fig. 2.20. First, we compute the covariance
matrix Rs of the desired color samples from the RGB color planes followed by
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Fig. 2.20 The proposed eigen-based FCM algorithms

the eigen-analysis procedures to obtain the eigenvectors. Then, we perform the
eigen-subspace transformation of image color planes with (2.48). Finally, the it-
erative segmentation process with updated membership functions will be applied
on the eigen-subspaces. Although the eigenvectors are generated by the selected
color samples, we still need to adjust the eigen-subspaces to achieve more satis-
factory segmentation results. We are iterative in adjusting the eigen-subspaces with
new eigenvectors obtained from new covariance matrix. The detail algorithms of
SEFCM and CEFCM will be addressed in Sects. 2.4.2.1 and 2.4.2.2.

2.4.2.1 Separate Eigen-Based FCM (SEFCM) Method

In this section, we have proposed the SEFCM algorithm to separately consider the
signal and noise planes. During simulation, we iteratively construct new covariance
matrices that are similar to (2.47) by using the eigen-subspace data zq instead of xq

in color image. The expression of the covariance matrix can be stated as follows:

Cz
j =

1
N

N

∑
q=1

um
jqzqzT

q . (2.49)

The color objects will be extracted after the objective function reaches a mini-
mum. With the help of the eigenvalues, we can obtain the represented segmented
color objects with respective to the signal and noise subspaces. Following, with a
simple logical “AND” operation on both results, we can obtain the segmentation of
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the desired video objects correctly. In the SEFCM, we modify the matrix L j as in
(2.46) that is suitable to extract the signal and noise subspaces. For extracting the
signal space, we can rewrite L j as follows:

Γj =

⎛

⎜

⎜

⎜

⎝

(

λ2, j+λ3, j
2

)−1
0 0

0 λ−1
1, j 0

0 0 λ−1
1, j

⎞

⎟

⎟

⎟

⎠

. (2.50)

Similarly, we can extract the noise planes by using the following matrix:

Γj =

⎛

⎜

⎜

⎜

⎝

λ−1
1, j 0 0

0
(

λ2, j+λ3, j
2

)−1
0

0 0
(

λ2, j+λ3, j
2

)−1

⎞

⎟

⎟

⎟

⎠

. (2.51)

We adopt (2.50) to extract the signal plane by using λ−1
1, j to suppress the noise terms.

In (2.51), we use λ−1
1, j to suppress the signal terms in order to obtain two noise

planes. We can modify the membership function of (2.43) as follows:

ujq =

[

(zq −v j)T A j(zq −v j)
] −2

m−1

∑c
β=1

[

(zq −vβ )T Aβ (zq −vβ )
] −2

m−1

, (2.52)

where A j = VT
j ΓjV j and Aβ = VT

β Γβ Vβ related to class j and β , respectively. For
class β , the index j appeared in (2.50) and (2.51) should changed to β . The detailed
procedures of the SEFCM are shown in Fig. 2.19 and illustrates as follows:

1. Sample few desired color object blocks.
2. Compute the covariance matrix and obtain the eigenvectors according to (2.2).
3. Transform the color images to signal and noise subspaces with eigenvectors

as (2.48).
4. Initialize the modified membership value and center of each cluster. With iter-

ative updating of the covariance matrices using (2.49), apply FCM to extract
the segmentation results related to signal and noise planes separately. Either
segmenting on signal or noise planes, we apply (2.50) or (2.51) to the new mem-
bership function (2.52) during the FCM classification procedures.

5. Perform logical operation on the results obtained from Step 4.

2.4.2.2 Coupled Eigen-Based FCM (CEFCM) Method

In order to efficiently segment the desired color objects, we devise a coupled eigen-
based FCM (CEFCM) algorithm (Fig. 2.21). In considering signal and noise planes
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Fig. 2.21 Signal flow diagram of proposed SEFCM algorithm

Fig. 2.22 Signal flow diagram of proposed CEFCM algorithm

together, the CEFCM adopts three dimensional eigen-subspaces data for classifica-
tion. The function block diagram of the CEFCM is shown in Fig. 2.22. Similar to
SEFCM, we also construct new covariance matrices that are similar to (2.47) by
using the eigen-subspace data zq in stead of xq in color images. In view of statistical
inference and fuzzy property, we can construct a new covariance matrix for the jth
cluster center as

Ĉz
j =

1

∑N
q=1 um

jq

N

∑
q=1

um
jqzqzT

q . (2.53)

It is not necessary to iteratively rebuild the covariance matrix and construct the
new eigen-subspaces from the original color images because the color objects are
selected under our inspection. We can gradually adjust the direction of principal axes
by using the already built eigen-subspaces so that large amount of transformation
computations can be saved. In updating procedures, we adopt the new covariance
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matrix as described in (2.53), where the belongings are treated as the weightings
of zqzT

q that is formed by the data in the eigen-subspaces. From covariance matrix

Ĉz
j, we can obtain class j’s eigenvector w j,i and the corresponding eigenvalue λ j,i,

where index i denotes the ith component because we order the eigenvalues as

λ j,1 ≥ λ j,2 ≥ λ j,3. (2.54)

Then, the jth cluster center of signal term in the CEFCM can be expressed by
the principal component

v j1 =
√

λ j,1w j,1. (2.55)

The second and the third components are treated as the noise terms. The similar-
ity measure related to the jth cluster center expressed as Euclidean distance between
zq and v j,1 now becomes the orthogonal projection to the noise eigenvectors. The
smaller of ‖zq − v j,1‖ means that zq and v j,1 are closer to each other. Based on
eigen properties, the smaller projection to both w j,2 and w j,3 with respect to

√

λ j,2

and
√

λ j,3 indicates that zq and v j,1 are closer. The measure of ‖zq −v j,1‖ related to
w j,2 and w j,3 is equivalent to the projection of zq to the normalized noise eigenvec-
tors, which can be expressed as 1√

λ j,2
w j,2 and 1√

λ j,3
w j,3, so that the membership of

the qth sample can be modified as follows:

ujq =

(

1
λ j,2

‖zT
q w j,2‖2 + 1

λ j,3
‖zT

q w j,3‖2 + 1
λ j,1

(‖zT
q w j,1‖2 −λ j,1

)

) −2
m−1

∑c
β=1

(

1
λβ ,2

‖zT
q wβ ,2‖2 + 1

λβ ,3
‖zT

q wβ ,3‖2 + 1
λβ ,1

(‖zT
q wβ ,1‖2 −λβ ,1

)

) −2
m−1

.

(2.56)

The success of extracting video objects depends on the proportion of three eigen-
values. Inspecting (2.56), we have adjusted the iterating processes near the cluster
center in the signal subspace according to its eigenvalue to eliminate too bright or
too dark circumstances. In our experiments, we take fuzzy weighting m = 3, the
class number equals to 6 and feature number equals to 3. Observing the simulation
results, we can obtain more satisfactory ones by just considering the principal plane
and the strongest noise plane. In this case, we set λ j,1 = λ j,3 = 1, λβ ,1 = λβ ,3 = 1,
and λ j,2 → ∞; λβ ,2 → ∞ with c = 2 in (2.56).

After obtaining the segmentation results, almost all the desired color pixels
can be found. The few remaining noise pixels can be easily removed by any
post-processing procedure. The detailed procedures for the CEFCM are listed as
follows:

1. As Step 1 in Sect. 2.4.2.1.
2. As Step 2 in Sect. 2.4.2.1.
3. As Step 3 in Sect. 2.4.2.1.
4. Initialize the membership function and cluster centers. Later, we jointly consider

three eigen-subspaces and iteratively update the covariance matrix with (2.53).
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With newly found eigenvectors and eigenvalues, we apply (2.55) and (2.56) to
perform the FCM classification processes.

5. (Optional). Post-processing procedure is optional for smoothing the results from
Step 4. In our experiments, we do not intent to use any post-processing proce-
dures in order to show the inherent classified capability of this algorithm.

2.4.3 Simulation Results

We directly apply the conventional FCM to these four sequences in the RGB
color planes. The simulation results are shown in Fig. 2.23. Without any threshold
determination, the desired objects obtained by the traditional FCM are better than
those obtained by the PCT method. However, the segmented results still contain
many unwanted noises.

Without any other assistance, Fig. 2.24 shows the simulation results by apply-
ing conventional FCM to the transformed planes, which are performed by the KL
projections. Compared to Fig. 2.23, some improvements are achieved. The KL pro-
jections obtained from the desired color samples can translate the image data to the
desired working space in more compaction form. It is reasonable to apply the seg-
mentation efforts on the eigen-subspaces. Theoretically, results of Figs. 2.6 and 2.24
should be identical because of the linear transformation between color-space and
eigenspace. The difference of the results shown in these two figures may be due to
initial data distribution and class centers.

For comparison, we also apply OSFCM algorithm [33] to the eigen-subspaces.
Figure 2.25 shows the segmented images obtained from the OSFCM method.
Although all the main objects can be detected, the objects with near color are also

Fig. 2.23 Segmented images
obtained by the conventional
FCM directly applying on
R,G,B planes: (a) Mosaic;
(b) Ball; (c) Akiyo; (d) News
sequences
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Fig. 2.24 Segmented images
obtained by the conventional
FCM applying on the KL
transformed color spaces:
(a) Mosaic; (b) Ball;
(c) Akiyo; (d) News
sequences

Fig. 2.25 Segmented images
obtained by the OSFCM
method: (a) Mosaic; (b) Ball
(c) Akiyo; (d) News
sequences

extracted. Similar to the PCT approach, the OSFCM method does not separately
use the noise-subspace. The color objects with high signal-subspace projects will be
erroneously included in the similar color pixels.

Figure 2.26 shows the results obtained by the SEFCM. We can find out that
most of the noise has been removed compared to the previous obtained results. The
major defeat of the SEFCM method appears on the clothes of Akiyo since both
signal and noise subspace projections do not perform simultaneously. In order to im-
prove the performance, the CEFCM algorithm adopts the signal and noise subspace
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Fig. 2.26 Segmented images
obtained by the SEFCM
method: (a) Mosaic; (b) Ball
(c) Akiyo; (d) News
sequences

Fig. 2.27 Segmented images
obtained by the CEFCM
method: (a) Mosaic; (b) Ball;
(c) Akiyo; (d) News
sequences

projections together. Figure 2.27 shows the segmented images obtained from the
CEFCM method. It is obvious that the CEFCM method outperforms the other color
object segmentation algorithms.

2.5 Conclusions

Video object segmentation has been recognized as a main technology to achieve
the content-based coding proposed in the MPEG-4 standard. In this chapter, we
proposed color eigenspace segmentation methods to extract the desired objects.
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After theoretical analyses, the color eigen-structure segmentation algorithm uses
both signal and noise subspaces effectively. Without any pre-processing process, we
can precisely detect the desired color and preserve small significant features. If the
segmented results still contain some undesirable pixels, of course, we can easily
remove them once we further introduce temporal or motion information. The pro-
posed color segmentation algorithm performs successfully for single color objects.
When the desired object is with more than two colors, for example color texture or
color pattern, we should apply our algorithm several times accordingly. The final
video object planes will be the union of all the segmented results.

In Sect. 2.3, adaptive eigen-subspace segmentation (AESS) algorithm to locally
extract the desired objects has proposed. Three search methods are used in the AESS
algorithm which is SSS, FQS, and SHVS. Using this algorithm, we can extract the
desired color objects even if the background has the same color as the object. The
simulation results show that the AESS algorithm can achieve better segmentation
results. It has a localized segmentation capability.

In Sect. 2.4, we use the conventional FCM combined with the eigenspace pro-
jections concept to develop two segmentation algorithms. The first algorithm uses
the eigen-structure combined with the FCM method and the second algorithm sim-
ply applies threshold on the eigen-spaces according to the statistical properties. The
method with FCM is very effective to segment desired objects without considering
any threshold. The drawback of the first method is that it costs large amount of com-
putation time. The second method adopting statistical analysis is faster than the first
one but needs to select different threshold values according to different sequences.

Considering signal and noise projections, the SEFCM method shows its effec-
tiveness comparing to use the PCT or the FCM algorithm alone. In order to achieve
satisfactory simulation results, we further suggest the CEFCM algorithm to im-
prove the segmentation performance. Compared to the conventional FCM method
and the OSFCM method, we found that the SEFCM and CEFCM achieve the best
segmentation performance, which is robust and less susceptible to the noise. Fur-
ther integrated with spatial and temporal information, our proposed algorithms can
achieve even better results in the future works. The difference between AESS algo-
rithm and the other method is that our proposed method can be used to segment the
desired object at will. Especially, when several identical color objects exist at the
same frame, our algorithm can extract only the designated object out. Using color
eigen-subspace to segment the object has been proven to be an effective method
but it maybe failed when the color shade is present. In addition to the normal color
distribution conditions, our algorithm is most suitable to segment the object with
color shade.
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