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Image and Video Segmentation by Combining
Unsupervised Generalized Gaussian Mixture

Modeling and Feature Selection
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Abstract—In this letter, we propose a clustering model that
efficiently mitigates image and video under/over-segmentation by
combining generalized Gaussian mixture modeling and feature
selection. The model has flexibility to accurately represent heavy-
tailed image/video histograms, while automatically discarding
uninformative features, leading to better discrimination and
localization of regions in high-dimensional spaces. Experimental
results on a database of real-world images and videos showed us
the effectiveness of the proposed approach.

Index Terms—Feature selection, image/video segmentation,
minimum message length (MML), mixture of generalized Gaus-
sian distributions (MoGG).

I. Introduction

Segmentation is an important topic in computer vision
and image/video processing. For example, newly established
multimedia standards, such as MPEG-4 and MPEG-7, are
based on the object content of videos [13]. Therefore, success-
ful representation and processing in these standards require
efficient segmentation algorithms. This efficiency lies—among
other things—on the capacity of the segmentation to yield
meaningful regions (i.e., reduce over/under-segmentation) [8].
We note that over-segmentation occurs when the number
of regions is over-estimated, leading to insignificant small
regions; whereas under-segmentation occurs when real regions
are erroneously fused. Both problems may compromise the
application at hand using segmentation (e.g., video coding and
indexing based on object shape).

In the last few years, finite mixture models have been
established as a powerful technique to achieve segmenta-
tion in unsupervised fashion [1], [3], [6]. In this technique,
clusters are represented by the mixture components whose
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number can be automatically determined using criteria, such
as the minimum description length (MDL), the Akaike (AIC),
etc. [7]. Segmentation, then, amounts to dividing the feature
space into different compact clusters which correspond to
regions in the image/video space. Recently, a new mixture
model based on the generalized Gaussian distribution (GGD)
(called MoGG) was proposed in [3], for which the number
of components is determined using the minimum message
length (MML) criterion [7], [15]. The MoGG mitigates ef-
ficiently image over-segmentation induced by features with
non-Gaussian distribution. We recall that non-Gaussianity is
an intrinsic property of many image/video features distribution
[e.g., discrete cosine transform (DCT) and wavelet coefficients,
pixels difference, etc.] [14]. Also, the presence of noise and/or
outliers in images/videos can produce non-Gaussian data. Both
cases arise in heavy-tailed histograms, with sharped or flat-
shaped modes. Since the number of mixture components is
determined automatically, the number of regions can be easily
over-estimated using the Gaussian mixture model [3].

In general, the use of multiple features (e.g., color, texture,
etc.) ensures better performance for segmentation. However,
the performance of mixture modeling may be substantially
deteriorated in the presence of many irrelevant features [11].
In segmentation, for instance, texture features on one particular
orientation may discriminate a texture pattern in an im-
age/video, while features on other orientations can be uniform
(i.e., irrelevant) and useless for this segmentation. Therefore,
introducing a feature selection (FS) mechanism, to remove
irrelevant features, is of prominent importance to estimate the
real number of regions. Finally, note that due to the inter-
relation between the chosen feature subset and the number of
mixture components, FS should be established in unsupervised
way and simultaneously with model learning (i.e., the number
of regions with their parameters) [5], [9]. Supervised FS
has been used in the past to improve the performance of
segmentation [2], [12]. However, unsupervised FS together
with mixture model learning have not been addressed so far
for image/video segmentation.

In this letter, we propose an efficient segmentation frame-
work which incorporates unsupervised FS in the MoGG
model. This combination aims at enhancing the representation
of non-Gaussian data and eliminating irrelevant features, lead-
ing to significant reduction of over/under-segmentation. Our
model selects automatically the optimal number of regions

1051-8215/$26.00 c© 2010 IEEE



1374 IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 20, NO. 10, OCTOBER 2010

and the relevant features by optimizing a single objective
based on the MML criterion [15]. This unified objective
allows for accurate discrimination and identification of the real
image/video regions inside high-dimensional feature vectors,
while penalizing mixture overfitting.

This letter is organized as follows. Section II outlines the
proposed segmentation model and the details of our learning
algorithm. Section III shows experiments on real-world image
and video segmentation. Section IV presents the computation
complexity of our algorithm. We end the letter with a conclu-
sion and some prospective future work.

II. Proposed Model

In [3], we proposed a multidimensional version of the GGD.
Given a d-dimensional feature vector �x = (x1, ..., xd) ∈ Rd , the
GGD distribution is defined as follows:

p(�x| �µ, �σ, �λ) =
d∏

l=1

λlK(λl)

2σl

exp

{
−A(λl)

∣∣∣∣xl − µl

σl

∣∣∣∣
λl

}
(1)

where �µ = (µ1, ..., µd), �σ = (σ1, ..., σd) and �λ = (λ1, ..., λd)
are vectors of location, scale, and shape parameters, respec-

tively. Also, we have K(λ) =

[
�(3/λ)
�(1/λ)

] 1
2

�(1/λ) and A(λ) =
[

�(3/λ)
�(1/λ)

] λ
2
,

with �(·) denoting the gamma function. Each parameter λl ≥
0, l = 1, . . . , d, controls the shape of the GGD and determines
whether it is peaked or flat in the lth dimension.

Given that M regions are present in the image/video, we
can use an MoGG to model the distribution of the image/video
data. Each region j is modeled, then, as a d-dimensional GGD
distribution parameterized by {�θjl}, l = 1, . . . , d, such that
�θjl = (λjl, µjl, σjl) are the parameters of a univariate GGD
component p(xil|θjl). If we consider pj as the prior probability
of assigning each pixel to the jth region, then the core step of
segmentation is to first estimate ��∗ = (p∗

j , θ
∗
jl), (j = 1, . . . , M

and l = 1, . . . , d). Note that the MoGG assumes that all
the features have equal importance. However, with high-
dimensional descriptors such as color, texture, etc., features
do not contribute equally in discriminating among the exiting
regions. Indeed, some features may be uniform or unimodal
making the distinction between the real regions hard to
achieve. Therefore, we extend the MoGG model by expressing
the discrimination power of each feature separately. Let φl be
a binary variable, set to 0 when the lth feature is irrelevant
(i.e., uniform) and to 1, otherwise. Then, the distribution of
each xil can be approximated as follows [5], [9]:

p(xil|θ∗
jl, �ϕ∗

l , φl) � (
p(xil|θjl)

)φl (p(xil|�ϕl))
1−φl (2)

where now ��∗ = (p∗
j , θ

∗
jl, �ϕ∗l). The star superscript denotes

the unknown true distribution of the lth feature of the region,
and both p(xil|θjl) and p(xil|ϕl) are univariate GGDs. In (2),
φl is a hidden variable set to 1 from the data in every case
where the lth feature is multimodal. We consider each φl is a
Bernoulli variable with p(φl = 1) = ρl1 and p(φl = 0) = ρl2,
such that ρl1 + ρl2 = 1.

Note that (2) leads to false positives (i.e., uninformative fea-
tures that are identified as relevant) when a feature is defined
by only overlapped components. Therefore, we generalize the

definition of feature relevance by considering the irrelevant
component p(.|�ϕl) as a common mixture of GGDs independent
of the region labels [5]. This choice is also motivated by the
ability of the mixture to approximate almost any arbitrary
distribution of the irrelevant features. We consider K as
the number of components in this common mixture, with
the parameters ϕ1l, . . . , ϕKl for each feature. Let πkl (with∑K

k=1 πkl = 1) be the prior probability that xil is generated
by the kth component of the common mixture, given that the
lth feature is irrelevant (i.e., φl = 0). From this, we derive the
final model for segmentation with FS as

p(�xi| ��) =
M∑
j=1

pj

d∏
l=1

(
ρl1p(xil|θjl) + ρl2

K∑
k=1

πklp(xil|ϕkl)

)
. (3)

We consider the notation p = (p1, ..., pM), �ρl = (ρl1, ρl2)
and �πl = (πl1, ..., πlK). The set of all model parameters is
�� = (p, θjl, ϕkl, �ρl, �πl), j = 1, ..., M and l = 1, ..., d.

Note that the parameters �� and the numbers M and K

are unknown and need to be identified from the data. The
maximum likelihood method is the most commonly used
approach for the estimation of ��. However, ML favors both
higher values for K and M, which leads to over-segmentation.
To avoid this problem, we use and MML approach which
identifies models with less complexity [5], [9], [15]. The
message length of the image/video data X is, then, given by

MessL � − log p( ��) +
1

2
log |I( ��)| +

c

2

(
1 + log

1

12

)
− log p(X | ��) (4)

where p( ��), I( ��), and p(X | ��) denote the prior distribution,
the Fisher information matrix, and the likelihood, respectively.
The constant c = M +d +3dM +4dK in (4) is the total number
of parameters. To facilitate the calculation of the MML, it is
common sense to assume the independence of the different
groups of parameters, which allows the factorization of both
|I( ��)| and p( ��). We approximate the Fisher information
|I(�)| from the complete likelihood which assumes labeled
observations [4], [7]. In absence of any other knowledge,
we adopt the uninformative Jeffrey’s prior for each group
of parameters as prior distribution. From this, we obtain the
following MML objective:

MessL(M, K) = − log p(X | ��) +
c

2
log N +

3d

2

M∑
j=1

log pj

+
3

2

d∑
l=1

K∑
k=1

log πkl +
c

2

(
1 + log

1

12

)

+
3M

2

d∑
l=1

log ρl1 +
3K

2

d∑
l=1

log ρl2 (5)

which we minimize under the constraints 0 < pj ≤ 1,
0 < ρl1 ≤ 1, 0 < πkl ≤ 1, and

∑M
j=1 pj = 1,

∑K
k=1 πkl = 1,

in a manner similar to [7]. To accelerate convergence, we ini-
tialize the expectation-maximization using the Fuzzy C-means
algorithm. The update formulas used by EM are provided in
Appendix I.
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III. Experiments

We conducted experiments on several examples of real-
world image and video segmentation. We compared the
segmentation results obtained using the proposed approach
(denoted by MoGG+FS) with those obtained using: 1) an
MoGG model without FS [3]; 2) an MoGG model with FS, but
having a fixed parameter K = 1; 3) a Gaussian mixture model
(denoted by MoG) [6]; and 4) an MoG with FS (denoted by
MoG+FS). We develop the applications of image and video
segmentation in two separate subsections.

A. Application to Color/Texture Image Segmentation

Here, we use for each pixel (u, v) a feature vector �x(u, v)
which combines color and texture information. For color, we
use the RGB color space. For texture, we use 24 features cal-
culated from the color correlogram of the pixel neighborhood
as defined in [1]. To test the performance of the proposed
method, we compared the segmentation accuracy of all the
tested models against the ground truth (GT) (i.e., segmentation
performed manually). For this purpose, we use a database of
2000 images which include the Berkeley benchmark [10] and
images downloaded from the Corel and Freefoto datasets. To
quantitatively measure the segmentation accuracy, we use the
following objective criteria:

Boundary localization error (ε1): measures the misalign-
ment of regions between a tested segmentation and the GT.
This error is defined by [10] as

ε1 =
1

N

∑
(u,v)

min
{
ε(u,v)(TM, GT ), ε(u,v)(GT, TM)

}
(6)

where ε(u,v)(TM, GT ) =
|Si−S′

j
|

|Si| and ε(u,v)(GT, TM) =
|S′

j
−Si|

|S̄j | ;

Si(u, v) and S′
j(u, v) are the segments1 containing the pixel

(u, v) in a TM and the GT results, respectively. The symbol
“−′′ stands for the set difference operator and N is the number
of pixels in the image.

Amount of over/under-segmentation (ε2): measures the
amount of over/under-segmentation produced by each TM, by
comparison to the GT. A set of segments Sm1, ..., Sm� in the
TM over-segment a segment S′

m in the GT iff : ∀i ∈ {1, ..., �} :
|Smi ∩ S′

m| ≥ k|Smi| and
∑�

i=1 |Smi ∩ S′
m| ≥ k|S′

m|, where k is
a threshold that we set here to 0.75 as suggested in [1]. We
define the error ε2 as the sum of the number of segments in
the GT that are over-segmented in the TM, and the number of
segments in the TM that are over-segmented in the GT.

Fig. 1 shows the segmentation for a sample of images
chosen randomly from the dataset. For each image, we run the
tested models 10 times and we report the average (ε̄i=1,2) of the
obtained errors values. We show the result of the first execution
of each model, where a pixel in each segmentation map takes
the color mean value in the mixture component (region) to
which the pixel is assigned. Table I shows the values of
ε̄1 and ε̄2 obtained for each model using the whole dataset.
Two conclusions can be drawn from the results. First, the
MoGG (resp. MoGG+FS) outperforms the MoG (respectively,
MoG+FS) in both performance criteria. We noticed in some

1A segment is a connected set of 05 pixels or more, equally labeled.

TABLE I

Values of the Errors ε1 and ε2 for the Compared Image

Segmentation Models

[ε̄1,ε̄2]

MoG MoG+FS MoGG MoGG+FS MoGG+FS
(K=1) (K=*)

[0.21, 23] [0.15, 16] [0.19, 20] [0.13, 13] [0.10, 11]

images that over-segmentation of regions can be caused by
self-shadowing or/and nonuniform illumination, where color
homogeneity inside such regions is affected. The flexibility
of the MoGG allows to include those areas inside the main
regions, while the MoG tends to create small regions to fit
them. Second, using FS in both MoGG and MoG models
yields better performance than without using FS. Finally, using
a mixture of arbitrary number of components for irrelevant
features enhances the segmentation accuracy compared to
using only a fixed number of components (i.e., K = 1). The
added performance using the proposed model, with respect to
ε1, is approximately 51% against MoG, 34% against MoG+FS,
48% against MoGG, and 24% against MoGG+FS with fixed
K = 1. With respect to ε2, the added performance is 52%
against MoG, 34% against MoG+FS, 45% against MoGG, and
20% against MoGG+FS with fixed K = 1. These results clearly
demonstrate the advantage of combining FS and GGD mixture
modeling for reducing over/under-segmentation.

B. Application to Video Segmentation

In real-world videos, irrelevant data (i.e., outliers) can be
induced by noise, shadowing, or even insignificant objects
entering momentarily in the scene, which decrease the seg-
mentation accuracy. To mitigate the effect of these outliers, we
propose to use the MoGG+FS model for video segmentation.
Let M be the real number of spatiotemporal regions that
compose the moving objects and the background, and T be
the number of frames in the video sequence. An efficient way
to remove the outlying data is by selecting the best (relevant)
frames that exhibit a good separation among the moving
objects in the video. In other words, the frames where the
objects are not well separated (because of object occlusions,
noise, shadows, etc.) will see their contribution decreased
in the segmentation. By including the frame relevance, the
formulation of the video segmentation becomes as follows:

p(�xit| ��) =
M∑
j=1

pj

T∏
t=1

(
ρt1p(�xit|θj) + ρt2

K∑
k=1

πkp(�xit|ϕk)

)

(7)
where t designates the frame number, ρt1 and ρt2 define the
relevancy of the frame t, and �xit is the ith pixel of the same
frame. From (7), the value of a pixel �xit on the frame t can
be generated either by a component of the mixture of the real
objects or by the common mixture (i.e., modeling the features
distribution in the irrelevant frames). The estimation of the
parameters of the model is performed in the same way as for
image segmentation, by using the EM algorithm.

Fig. 2 shows four examples of video segmentation using
the tested models. From each video, we show a frame drawn
randomly from the sequence. Table II shows the errors ε1 and
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Fig. 1. Examples of real-world image segmentation. In each row, the first column represents the GT. In the right most of each row, we show the optimal
value of K found for the corresponding example.

Fig. 2. Examples of video segmentation: from top to bottom, we show segmentation of frames chosen randomly from each video. In the right most of each
row, we show the optimal value of K found for the corresponding example.

TABLE II

Values of the Errors ε1 and ε2 for the Compared Video Segmentation Models

[ε̄1,ε̄2]
Video Size MoG MoG+FS MoGG MoGG+FS(K=1) MoGG+FS(K=*)
Akiyo 300 frames [0.23, 22.5] [0.16, 17.8] [0.22, 20.5] [0.12, 13.2] [0.12, 13.2]
Suzie 150 frames [0.25, 27.4] [0.18, 19.1] [0.24, 23.7] [0.15, 17.5] [0.12, 11.3]

Grandma 870 frames [0.19, 20.5] [0.15, 14.8] [0.17, 19.3] [0.13, 14.5] [0.12, 13.9]
Irene 300 frames [0.27, 28.2] [0.19, 20.8] [0.23, 26.6] [0.16, 17.3] [0.13, 14.4]
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ε2 for the video sequences. We can see clearly the improve-
ment brought by the proposed model against the compared
ones. These results are confirmed visually in the segmentations
shown in Fig. 2, where the quality of object segmentation is
clearly improved using the proposed approach.

IV. Computational Complexity

In what follows, N represents the number of pixels in an
image or a video. The mixture parameters are initialized using
fuzzy c-means, which is of complexity O(NMd). Before each
EM iteration, we compute NMd density probabilities for the
main mixture and NKd for the common mixture models,
respectively. Since the cost of calculating all the p(j|�xi)’s is
O(Nd), and generally K < M, the computational complexity
of the E-step is O(NMd). For the M-step, (9)–(11) can be
updated using O(NMKd) arithmetic operations, while (12)–
(14) require O(MNd) operations. The computation of the
Hessian matrix of the parameters θjl and ϕkl, involved in
Fisher scoring, requires O(NMKd) operations. It follows that
the M-step time complexity is O(NMKd). We note that for
most of the tests, the EM algorithm takes a maximum of 40
iterations to converge. Finally, the assignment of pixel labels
takes roughly O(N) operations.

V. Conclusion

We proposed a new model which combines the GGD for-
mulation and feature selection in robust mixture modeling for
segmentation. Our results demonstrate the usefulness and the
effectiveness of the proposed model in reducing over/under-
segmentation due to heavy-tailed and high-dimensional data.
Future work will investigate adding spatial information in
order to yield more semantically meaningful segmentation.
Moreover, segmentation can be enhanced by including hier-
archical schemes, where multiple outputs can be generated
for object recognition, for example.
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Appendix

The EM steps are given by
E-step

tij = p(j|�xi) =
pj

∏d
l=1

[
βj(xil)

]
∑M

j=1 pj

∏d
l=1

[
βj(xil)

] (8)

where βj(xil) = ρl1p(xil|θjl) + ρl2p(xil|�ϕl), and p(xil|�ϕl) =∑K
k=1 πklp(xil|ϕkl). We estimate the parameters � in the M-

step as follows:
M-step

p̂j =
max

(∑N

i=1 tij − 3d

2 , 0
)

∑M

j=1 max
(∑N

i=1 ẑij − 3d

2 , 0
) (9)

1

ρ̂l1
= 1 +

max
(∑N

i=1

∑M

j=1 tij
ρl2p(xil |�ϕl)

βj (xil)
− 3K

2 , 0
)

max
(∑N

i=1

∑M

j=1 tij
ρl1p(xil |θjl)

βj (xil)
− 3M

2 , 0
) (10)

π̂kl =
max

(∑N

i=1

∑M

j=1 tij
ρl2 πklp(xil |ϕkl)

βj (xil)
− 3

2 , 0
)

∑K

k=1 max
(∑N

i=1

∑M

j=1 tij
ρl2πklp(xil |ϕkl)

βj (xil)
− 3

2 , 0
) (11)

µ̂θ
jl =

∑N

i=1 tij
ρl1p(xil |θjl)|xil−µθ

jl
|λ

θ
jl

−2

βj (xil)
xil

∑N

i=1 tij
ρl1p(xil |θjl)|xil−µθ

jl
|λ

θ
jl

−2

βj (xil)

(12)

σ̂θ
jl =

λθ
jl

√√√√√∑N

i=1 tij
ρl1p(xil |θjl)λ

θ
jl

A(λθ
jl

)|xil−µθ
jl

|λ
θ
jl

βj (xil)∑N

i=1 tij
ρl1p(xil |θjl)

βj (xil)

. (13)

Finally, we estimate the parameters �λθ
j and �λϕ

k , with j =
1, ..., M and k = 1, ..., K using the Newton–Raphson method

λ̂
◦l � λ̂

◦l −
[
∂2MessL(M, K)

∂λ
◦l

2

]−1 [
∂MessL(M, K)

∂λ
◦l

]
(14)

where the symbol ◦ refers to either the index j or k, and the
symbol  for either θ or ϕ.
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