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a b s t r a c t

We propose an efficient method for image/video figure-ground segmentation using feature relevance
(FR) and active contours. Given a set of positive and negative examples of a specific foreground (an
object of interest (OOI) in an image or a tracked objet in a video), we first learn the foreground
distribution model and its characteristic features that best discriminate it from its contextual back-
ground. For this goal, an objective function based on feature likelihood ratio is proposed for supervised
FR computation. FR is then incorporated in foreground segmentation of new images and videos using
level sets and energy minimization. We show the effectiveness of our approach on several examples of
image/video figure-ground segmentation.

& 2015 Elsevier B.V. All rights reserved.

1. Introduction

Object segmentation in images/videos (also called figure-ground
segmentation) is important for several applications, such as con-
tent-based image/video retrieval (CBIVR) [9,40], automatic image/
video annotation [30,36], object-based video coding [41], image/
video retargeting [6], robotics and activity recognition [1,34]. In
CBIVR and image/video annotation, for example, knowing image/
video object content is of prominent importance to enhance the
accuracy of semantic labeling of images and videos and answering
user queries. Also, newly established multimedia standards for
video coding (e.g., MPEG) are based on object content of videos.
Therefore, efficient figure-ground segmentation is a critical issue for
these applications.

Object segmentation in images is a very challenging problem due
to several difficulties such as non-uniform illumination, image clutter
and variability within object categories [38]. In the past, approaches
have been proposed to tackle these difficulties by using either local or
global information (or their fusion) for object segmentation. Bottom-
up approaches group local cues (e.g., contours, color, texture) to form
homogenous regions which can be used to build objects. Popular
grouping algorithms are finite mixture models (FMM) [2,9] and

graph-cuts [17,37,45]. Based on obtained homogenous regions, some
approaches identify foreground objects (resp. backgrounds) through
an interactive process exploiting the user's feedback [7,14]. However,
these approaches suffer from over/under-segmentation where object
parts may be merged with the background and vice versa [2,9]. Also,
the need for user interaction with each image limits their usage in
large-scale image segmentation. Unlike bottom-up approaches which
consider local image properties regardless of spatial layout of the
segmented object, top-down approaches rely on the representation of
the global form of objects. These include mainly deformable tem-
plates [33], which are also applied as part-based representation
models. Templates can be either simple geometrical elements (e.g.,
ellipses, rectangles, arcs, etc.) [18] or active contours (e.g., the Snake
model [4]), which are evolved using energy minimization [10,33].
The main difficulty in top-down approaches lies in segmenting highly
deformable objects, in addition to the need for accurate initialization
to compensate for a difficult minimization problem [10,17,33].

Recently, several methods have attempted to combine the advan-
tages of bottom-up and top-down approaches to achieve better object
segmentation. In [8,26], for example, overlaps between segmented
images and object fragments are used for object segmentation. The
object fragments are usually extracted from a learning set of gray-
scale or binary segmented images. However, since each fragment is
considered independently, the approach is prone to include object
parts in the background. Besides, its computational complexity
increases exponentially with the number of fragments and explored
image positions. Finally, approaches based on figure-ground color
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statistical modeling (e.g., using Gaussians [33], mixture of Gaussians
[35] or kernel methods [25]) have been proposed for object segmen-
tation. In those approaches, however, segmentation success highly
depends on how distinguishable an object is from the background.
On the one hand, too many dimensions of noise necessarily over-
whelm too few dimensions of signal [28,31]. On the other hand,
backgrounds can often be highly correlated with the object (e.g., cars
and roads, giraffes and grass, swans and water, etc.) [19]. In videos,
objects usually lie against the same background over successive
frames. Therefore, accurate figure-ground segmentation can be
achievable knowing the most discriminative features that best
separate objects from their contextual backgrounds.

In this paper, we propose a new framework combining object/
background statistical modeling and feature relevance (FR) for
efficient figure-ground segmentation in images and videos. For
images, FR is computed for each object category by using a set of
manually segmented images containing instances of that category
(i.e., positive examples) and their contextual backgrounds (i.e.,
negative examples). Local features are automatically extracted
from these images and their figure-ground discrimination power
is determined by their likelihood ratio. Our object segmentation
approach is formulated as an energy minimization problem and
implemented using level sets [32]. An energy functional is pro-
posed to fit figure-ground distributions and encode the contribu-
tion of each feature according to its discrimination power. The only
assumption of our algorithm is that a segmented object lies in the
center of attention of the image. A level set function is evolved
from its initial position toward the object boundaries using Euler–
Lagrange equations. Finally, an extension of our algorithm to video
figure-ground segmentation is proposed. We show the perfor-
mance of our approach on several figure-ground segmentation on
real-world images and videos.

Fig. 1a and b summarizes the two steps composing our approach
for figure-ground segmentation in images and videos: (1) a learning
step: computes FR and figure-ground statistical models using
training examples and (2) a segmentation step: segments objects
in new images (resp. videos) using FR and active contours. Early
results of this work have been published in [3]. Herein, we give a
more in-depth theoretical analysis of the problem and thorough
experiments for validation. We have also added a new section
containing complexity analysis of the algorithm and a discussion for
future improvements.

This paper is organized as follows: Section 2 presents our
approach for FR computation. Section 3 presents our segmentation
model with FR. Section 4 presents some experiments that validate
the proposed approach. We end the paper with a conclusion and
some future work perspectives.

2. Feature relevance learning for figure-ground segmentation

2.1. Figure-ground distribution models in images

The essence of our approach is to achieve figure-ground
segmentation using visual features that best discriminate between
objects and their contextual backgrounds. For this goal, we exploit
appearance patterns shared between instances of the same object
category using a set of training images. These images are chosen to
reflect the variety of contextual backgrounds the object may lie
against (e.g., tigers in savanna, cars on roads, swans on water, etc.).
To build a learning set for FR computation, we manually label
locations as object/background in each training image. We call a
“positive example” any location chosen in the object; otherwise it
is referred to as a “negative example”. For each location, we extract
color, texture and gradient orientation features from patches
centered around the location (see Fig. 2 for illustration). Suppose

that we have D features ff 1;…; f Dg extracted in each location. Let
C¼ fe1;…; en1 g and C ¼ fe1;…; en2 g be two sets of D-dimensional
feature vectors extracted from positive and negative examples,
respectively, and n1 and n2 are their cardinalities. Given that the
elements in C and C can be multi-modal (see for instance Fig. 4),
we model feature distributions in C and C using finite Gaussian
mixture models (GMMs) [16].

In a similar way to the naive Bayes classifier [15], we suppose
that the features are mutually independent in each class C and C .
This is a reasonable assumption since it allows for assessing the
discrimination power of each feature individually and reducing
complexity and computation time of parameter estimation. Note
that to enforce the independence assumption, one could perform
independent component analysis (ICA) [24] on the features in a pre-
processing step. We estimate the GMMs parameters using the
Expectation–Maximization (EM) algorithm [16], where the number
of clusters in each model is automatically determined using the
minimum message length principle (MML) [39]. We recall that the
MML is an information-theoretic principle that gives a good
compromise between model complexity and goodness of fit to
data [39]. It allows to obtain less complex models which have good
fitting to object/background data. In what follows, we denote by
θ
!

d and ω!d the GMM parameters computed for the dth feature
using the data in C and C , respectively.

2.2. Feature relevance learning for figure-ground separation

Since we want our segmentation to be driven by the most
discriminative features for each object category, we must determine
in advance each feature discrimination power. Feature selection
methods have been proposed in the past to enhance classification
performance [22]. To determine feature subsets ensuring higher
discrimination between classes of data, quantitative criteria can be
used [28,29]. These criteria can be categorized by whether the
evaluation process is data-intrinsic (filters) or classifier-dependent
(wrappers). Since exhaustive search of subsets and their evaluation
is time-consuming [20], we are constrained to consider simplified
and non-exhaustive evaluation strategies to assess about features
discrimination. For example, augmented variance ratio (AVR) has
been shown to be effective for feature ranking [12]. Similar to Fisher
discriminant analysis (FDA) [15], AVR maximizes the ratio between
inter-class variance and within-class variance to estimate feature

Fig. 1. Outline of our learning-based FR computation and its application to figure-
ground segmentation in (a) images and (b) videos.
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discrimination power. However, they assume that class data follow
a Gaussian distribution.

In segmentation, objects and image backgrounds usually have
multi-modal distributions, which violate FDA's Gaussian assump-
tion and invalidate its analytic solution. Since we have the distribu-
tion of features modeled as GMMs, we can measure directly feature
discrimination using the GMM models. In fact, discriminative
features produce likelihood maps where object feature values have
higher likelihoods and background feature values have lower like-
lihoods, and vice versa. Let us define feature weights fα1;α2;…;αDg
that encode the power of discrimination of each feature, wherePD

d ¼ 1 αd ¼ 1. To estimate these weights, we propose to minimize
the following function based on feature log-likelihood ratios:

φðα1;…;αdÞ ¼
XD
d ¼ 1

1
αd

ðAd�RdÞ�λ
XD
d ¼ 1

αd�1

 !
; ð1Þ

where λ is a Lagrange multiplier ensuring weights summation to 1,
and Ad and Rd are defined as follows:

Ad ¼ ln ∏
n1

i ¼ 1
pðei;dj θ

!
dÞ ∏

n2

j ¼ 1
pðej;djω!dÞ

" #

¼
Xn1

i ¼ 1

ln pðei;dj θ
!

dÞ
� �

þ
Xn2

j ¼ 1

ln pðej;djω!dÞ
h i

; ð2Þ

and

Rd ¼ ln ∏
n1

i ¼ 1
pðei;djω!dÞ ∏

n2

j ¼ 1
pðej;dj θ

!
dÞ

" #

¼
Xn1

i ¼ 1

ln pðei;djω!dÞ
h i

þ
Xn2
j ¼ 1

ln pðej;dj θ
!

dÞ
� �

; ð3Þ

where ei;d and e j;d denote the dth entry of the vectors eiAC and
ejAC , respectively;pðei;dj θ

!
dÞ and pðei;djω!dÞ are the probabilities of

generating the observation ei;d in C and C , respectively. In the same
vein, pðe j;dj θ

!
dÞ and pðej;djω!dÞ are the probabilities of generating

the observation e j;d in C and C , respectively. Basically, Eq. (2)
represents the sum of the log-likelihoods within the sets of positive
and negative sets C and C , respectively, and Eq. (3) represents the
sum of the cross-log-likelihoods between these sets.

Since the parameters θ
!

d and ω!d provide the best fit to the dth
feature data in C and C , respectively, the logarithm of the likelihood
ratio, denoted by hd ¼ Ad�Rd, is always positive [21]. Therefore, the
power of discrimination of the dth feature between C and C is
proportional to the value of hd. If a feature is not discriminative
(hd � 0) it has similar distributions in C and C . By opposite, higher
values of hd give the feature more discrimination power between C
and C . Note that minimizing (1) according to the parameters αd

gives weights that meet this goal. Indeed, higher weights are
needed to penalize higher values of hd in this equation. After
straightforward manipulations, we obtain the following feature
weights αd; d¼ 1;…;D (for more details, see A.1):

αd ¼
ffiffiffiffiffi
hd

p
PD

k ¼ 1

ffiffiffiffiffi
hk

p : ð4Þ

Eq. (4) assigns a weight to each feature which is proportional to
its log-likelihood ratio. This approach is related to distance metric
learning (DML) [42,43] where the different features are assigned
weights to measure distance between data points. The similarity of
the two approaches is more straightforward in the segmentation
stage where the contribution of each feature is determined by its
power of discrimination. For illustration, Fig. 3a shows the graph of

Fig. 2. Illustration of feature extraction from positive and negative examples: (a) represents feature extraction around selected locations, (b) represents features distributions
in a location neighborhood.

Fig. 3. Illustration of graph of function (1) using an example with D¼2 and by setting h1 ¼ 70 and h2 ¼ 10: (a) represents the graph of function (1) and a plane representing
the constraint α1þα2 ¼ 1, (b) represents the weight plane coordinates ðα1 ; α2Þ of the graph and the optimal solution ðαn

1; α
n

2Þ. (For interpretation of the references to color in
this figure, the reader is referred to the web version of this paper.)
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function (1) using two features. We set the values of the log-
likelihood ratios for these features to 70 and 10, respectively, and
we compute α1 and α2 using Eq. (4). For more clarity, we separated
the graph of the function into two subgraphs: the graph of
h1=α1þh2=α2 and the graph expressing the constraint α1þα2 ¼ 1
(which is the green plane). The minimum of function (1) is reached
for values αn

1 and αn

2 as shown in Fig. 3b. Indeed, function (1)
reaches its minimum when the highest weight is assigned to the
feature with the highest log-likelihood ratio and vice versa.

Another illustrative example is shown in Fig. 4 where FR is
computed for the image in Fig. 2. The considered features are the
RGB color channels, average texture feature values of CT, EN, ET, HM,
CR and VR calculated for three different orientations and average
polarity PL calculated for three different scales (see the Experiment
section for their definition). Fig. 4 shows values of these features
calculated for each image location, as well as the GMMs esti-
mated for their distributions. The obtained feature weights are as
follows: αR : 0:058, αG : 0:047 and αB : 0:03, αCT : 0:086, αEN : 0:59,
αET : 0:037, αHM : 0:09, αCR : 0:005, αVR : 0:045 and αPL : 0:014. The
calculated weights express exactly the discrimination power of each
feature. For instance, the highest weight (0.59) has been assigned to
EN, which in fact has the strongest discrimination power between
the object and the background (see the upper right image). By
opposite, the lowest weight (0.005) has been assigned to CR, which
has the smallest discrimination power (see the third image of the
second row).

3. Proposed image figure-ground segmentation algorithm

The previous section introduced our framework to build a
feature space that best separate an object category from its
contextual background. Given a new image containing an object
of interest with known category, we aim to build a partition
P ¼ fF ;Bg of the image composed of the foreground object F and
the background B. We formulate our segmentation as a classifica-
tion problem where we make a membership decision for each
pixel based on each feature distribution and relevance value.

Using the same set of features as in the learning phase ff 1;…; f Dg
extracted at each image location, we consider for each feature two
parametric GMMs describing its distribution in the object and the
background, respectively. Our final segmentation produces an
image partition maximizing inner-likelihoods in F and B and
minimizing their cross-likelihoods, respectively. Without taking
into account FR, such segmentation is obtained by maximizing
the following function over F and B:

LðF ;B; θ!; ω!Þ¼ ∏
D

d ¼ 1
∏

xAF

pðex;dj θ
!

dÞ
pðex;djω!dÞ

∏
xAB

pðex;djω!dÞ
pðex;dj θ

!
dÞ

0
@

1
A; ð5Þ

where θ
!

¼ f θ
!

1;…; θ
!

Dg and ω!¼ fω!1;…; ω!Dg designate the set of
model parameters describing the object and the background of the
image, respectively. Here, ex;d (resp. ex;d) represents the dth entry of

Fig. 4. Illustration of FR calculation for the image in Fig. 2: (a) shows, from left to right and top to bottom, R, G, B color channels, CT, EN, ET, HM, CR, VR and PL features,
(b) shows, in the same order as (a), GGM models estimated for the features in (a) using the OOI data (dashed blue curve) and background data (continuous red curve). (For
interpretation of the references to color in this figure caption, the reader is referred to the web version of this paper.)
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the feature vector ex (resp. ex) computed at the image location
x¼ ðx; yÞ inside F (resp. B). We also have the following mixture

probabilities: pðex;dj θ
!

dÞ ¼
PKd

k ¼ 1 πdkpðex;djθdkÞ and pðex;djω!dÞ ¼PK d
h ¼ 1 λdhpðex;djωdhÞ, where the values of Kd and Kd are those of

the empirical model calculated in the training stage.
Note that function (5) considers all features equally important

and, therefore, discriminative and non-discriminative features have
similar contribution to segmentation. A feature fd is discriminative

when rFd ðxÞ ¼ pðex;dj θ
!

dÞ=pðex;djω!dÞ-1 and rBd ðxÞ ¼ pðex;djω!dÞ=
pðex;dj θ

!
dÞ-1, which increase function (5). By opposite, fd is

non-discriminative when rFd ðxÞ and rBd ðxÞ have values less than or
equal to 1, which decreases function (5). To emphasize the
contribution of discriminative features and inhibit non-

discriminative ones, we introduce the weights αd in (5) as follows:

LnðF ;B; θ!; ω!Þ¼ ∏
D

d ¼ 1
∏

xAF
frFd ðxÞg

αd ∏
xAB

frBd ðxÞg
αd : ð6Þ

The weights in (6) control the influence of each feature according
to its power of discrimination. A feature with αd-0 will see its
contribution reduced to segmentation. By opposite, a feature with
greater weight will see its contribution unaltered. By taking the
minus-logarithm of the above function and replacing sums with
integrals, the maximization problem becomes a minimization of
the following functional:

Jr ¼
XD
d ¼ 1

αd

Z
F

� ln rFd ðxÞ
� �� �

dxþ
Z
B

� ln rBd ðxÞ
� �� �

dx
	 


: ð7Þ

This functional has several advantages compared to past methods
using energy minimization for segmentation (see for instance
[23,35]). First, (7) puts emphasis on the likelihood ratio which
encourages pixel labeling by maximizing not only object and
background likelihoods, but also by minimizing their cross-
likelihoods. Second, (7) incorporates FR which tunes the contribu-
tion of each feature according on its power of discrimination. This
enables the best discriminative features to drive the segmentation
toward better figure-ground separation.

3.1. Segmentation implementation using level sets

Our segmentation is obtained by evolving a closed contour
from its initial position toward the object boundaries. The contour
is a parametric curve ΓðsÞ : sA ½0;1�↦x¼ ðx; yÞAR2, where s is the
arc-length parameter. We ensure that the final contour is locally
smooth by coupling (7) with a boundary potential as suggested in
[10]. If LΓ is the length of the curve Γ, the boundary potential is
given as follows:

Jb ¼
I LΓ

0
gðjPðsÞjÞ ds; ð8Þ

where gðjPðsÞjÞ ¼ 1=ð1þjPðsÞjÞ and P(s) is the polarity information
defined in [2]. In a nutshell, PðsÞA ½�1;1� expresses how the
neighborhood of a pixel x¼ ðxðsÞ; yðsÞÞ is textured or uniform. If
the neighborhood is homogenous in color and texture, jPðsÞj � 0. In
the vicinity of a region contour (i.e., color/texture discontinuity),
jPðsÞj � 1. By combining the terms in (7) and (8), we obtain the
following energy function:

Jc ¼ JrþϑJb; ð9Þ
where ϑ is a regularization term that controls the contribution of
the edge potential. This coefficient is set automatically as sug-
gested in [5]. The energy function (9) is minimized iteratively
using the gradient descent method, where each iteration consists
of two steps. In the first step, we solve (9) for Γ by keeping the
statistical parameters constant. In the second step, we update the
object/background statistics using fixed-point iterations.

The implementation of our segmentation is based on the level
set method [32] which allows for efficient minimization of (9) and
numerical stability. In this method, Γ is embedded as the level
zero of a higher dimensional function ϕðxÞ, such that Γ ¼ fx¼
ðx; yÞ : ϕðxÞ ¼ 0g. Minimization of (9) according to ϕðxÞ leads to the
following Euler–Lagrange equation:

∂ϕðx; tÞ
∂t

¼ �
XD
d ¼ 1

αd ln rFd ðxÞ
� �� ln rBd ðxÞ

� �� �j∇ϕðxÞj
þϑ PðxÞκðxÞj∇ϕðxÞj�∇PðxÞ �∇ϕðxÞ� �

; ð10Þ

Fig. 5. Sample images used for FR computation in the tested object categories.
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Fig. 6. Examples of figure-ground segmentation using the compared methods: LG-SEG [23], GCUT-SEG [35], FDA-SEG [15] , FBS-SEG [22] and our approach LRR-SEG.
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where κðxÞ stands for the curvature of the zero level set at point x
and t is the time parameter. In practice, all the derivatives in (10)
are implemented using finite differences [2].

3.2. Statistical parameter updating

As the contour Γ evolves, data inside and outside Γ change
constantly. Therefore, statistical parameters must be updated to fit
new data inside and outside the contour. To this end, we minimize
(9) w.r.t. to the GMM parameters of each feature in the foreground
(resp. background) parts. Each feature generates the following

updated parameters θ
!n

¼ fπn

dk;μ
n

dk;σ
n

dkg
Kd
k ¼ 1 for F and ω!n ¼ fλndh;

μn

dh;σ
n

dhg
K d
h ¼ 1 for B, where μn

ð�Þ and σn
ð�Þ stand for the Gaussian mean

and standard deviation, respectively. In what follows, we develop
the formulas for foreground statistics updating. We can obtain the
background parameters using similar equations. Using fixed-point
iterations (see A.2), we obtain the following updating formulas:

μ̂n

dk ¼
R
F tdk;xex;d dx�

R
Btdk;xex;d dxR

F tdk;x dx�
R
Btdk;x dx

ð11Þ

σ̂n

dk ¼
R
F tdk;x ex;d�μdk

� �2 dx�RBtdk;x ex;d�μdk

� �2 dxR
F tdk;x dx�

R
Btdk;x dx

ð12Þ

π̂n

dk ¼
R
F tdk;x�

R
Btdk;x dxPKd

l ¼ 1

R
F tdl;x dx�

R
Btdl;x dx

ð13Þ

where tdk;x ¼ pðθdkjex;dÞ and tdk;x ¼ pðθdkjex;dÞ. In the updating
procedure, each component with a weight value smaller than a
fixed threshold ϵ is automatically removed from the mixture
model (experimental value ϵ¼ 0:01 gave good results). Note that
if the distributions of the object and the background do not
overlap for a given feature, Eqs. (11)–(13) boil down to the
maximum likelihood estimation in F , since the integrals over
the region B will vanish in these equations. Function (9) is
minimized by alternating between Eq. (10) for contour evolution
and Eqs. (11)–(13) for statistical updating [2]. Finally, to accelerate
convergence of segmentation, all mixture parameters are initia-
lized to those obtained for the empirical models calculated in the
training stage.

4. Experiments

We conducted experiments on segmentation of four different
object categories: (cars, tigers, zebras and faces) in real-world still
images. We applied also our approach for figure-ground separa-
tion in video sequences. Although both applications use the same
equations for FR computation and object segmentation, they differ
in the way the positive and negative examples are defined. Thus,
we develop each application separately.

4.1. Figure-ground segmentation in images

For each object category, we built a database of training images
containing instances of objects in the category. We asked four
persons to manually select locations in the images that lie in the
object or the background, respectively. For each image, we calculate a
set of features including color, texture and gradient orientation. Our
goal is to segment one or several instances of an object in an unseen
image (for example, a herd of zebras is segmented as one instance of
the object “zebra”). For color, the perceptually uniform Lnanbn color
space is used. For gradient orientation, the polarity information [4] is
calculated for each pixel in 3 different scales. For texture, features
from the correlogram matrix [2] are used, namely the: Variance (VR),
Contrast (CT), Energy (EN), Entropy (ET), Homogeneity (HM) and
Correlation (CR), calculated for 3 directions θAf01;451;901g, to have
a total of D¼24. Fig. 5 shows a sample of images used in our dataset.
For each object category, we have used 100 different images for
training (as described in Section 2) and 200 images for testing (as
described in Section 3).

To segment a new image, we initialize for each feature two
GMMs associated with the foreground and the background data,
respectively. Initial GMM parameters for each category are set to the
empirical parameter values obtained in the training stage. More

Table 1
Values of the errors SD and SA for the compared segmentation methods.

Objects
categories

LG-SEG GCUT-SEG FDA-SEG FBS-SEG LRR-SEG

SDc SAc

(%)
SDc SAc

(%)
SDc SAc

(%)
SDc SAc

(%)
SDc SAc

(%)

Red cars 7.48 51 4.51 68 8.22 61 4.91 76 3.82 77
Faces 4.34 53 3.22 71 5.23 59 3.86 79 2.28 81
Tigers 5.14 48 4.85 67 6.84 52 5.23 68 3.23 83
Zebras 6.33 45 5.05 73 8.12 51 4.67 72 3.12 82

Fig. 7. Examples of segmentation failure using our method.

Fig. 8. Illustration of the object surroundings defined using the bounding rectan-
gles B and B0 . (For interpretation of the references to color in this figure, the reader
is referred to the web version of this paper.)
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specifically, we have obtained the following values for the (object,
background) regions: red cars ðKd ¼ 3;Kd ¼ 8Þ, faces ðKd ¼ 3;Kd ¼ 5Þ,
tigers and zebras ðKd ¼ 2;Kd ¼ 6Þ, dAf1;…;Dg. We assume that
most of our objects lie in the focus of attention; thus, we initialize
the object contour using a rectangle with its center equals to the
image center. The rectangle width and height in each segmented
image are 1/3 of the image width and height, respectively. To
measure segmentation quantity for each object category c,

cAftigers; zebras; redcars; facesg, we designed two objective criteria,
namely: statistics deviation (SDc) and segmentation accuracy (SAc),
which are given as follows:

SDc ¼
1
Nc

XNc

i ¼ 1

XD
d ¼ 1

KLðq̂ðiÞ
d ; qðcÞd ÞþKLðqðcÞd ; q̂ðiÞ

d Þ
 !

; ð14Þ

Fig. 9. Part (a) shows tracking results without using FR for frames 04, 12, 76, 81, 82, 84, 110 and 112, from left to right and top to bottom. Part (b) shows tracking results for
the same frames using FR.

Fig. 10. Part (a) shows tracking results without using FR for frames 01, 20, 30, 63, 80, 127, 143, and 185, from left to right and top to bottom. Part (b) shows tracking results for
the same frames using FR.
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where Nc is the number of segmented images in the category c, KL
designates the Kullback–Leibler divergence; qðcÞd and q̂ðiÞ

d are the dth
feature distributions for the object category c calculated in the
learning step, and the ith segmented image. In other words, SDc

measures average deviation of object statistics from the ground
truth after segmenting the images of each category. The second
criterion measures the geometric deviation of the object segmenta-
tion. Let F ðiÞ be the output object (i.e., foreground) obtained after
segmenting the ith image of category c and GðiÞ

F is the ground truth,
the average segmentation accuracy in category c is measured by the
following function:

SAc ¼
1
Nc

XNc

i ¼ 1

1�jF ðiÞ �GðiÞ
F jþjGðiÞ

F �F ðiÞj
jF ðiÞjþjGðiÞ

F j
; ð15Þ

where “–” and “j � j” designate set difference and cardinality,
respectively. Note that SAcA ½0;1� where SAc¼1 corresponds to a
perfect segmentation. To assess the performance of our approach,
we have compared it with two segmentation methods based on
object/background statistical modeling and energy minimization:
(1) the method in [23] uses iterative local–global likelihoods for
figure-ground segmentation and GrabCut [35] which uses mixture
modeling for object/background color distribution, but does not use
any FR calculation. We refer to these methods as LG-SEG and GCUT-
SEG, respectively. To make GCUT-SEG setting similar to our algo-
rithm, figure-ground seeds are initialized using training images
instead of interacting the user directly with the segmented image.
Our method using likelihood-ratio for feature relevance is denoted
by LRR-SEG. We have also implemented two variants of our method
using FDA [15] and forward–backward feature selection [20]. We
refer to these variants as FDA-SEG and FBS-SEG, respectively.

Fig. 6 shows segmentation examples for the tested object
categories. The first and second columns show contour initializa-
tion and the ground truth, respectively. The third to the seventh
columns show segmentations using LG-SEG, GCUT-SEG, FDA-SEG,
FBS-SEG and LRR-SEG, respectively. From the shown results, we
can clearly see that our method has yielded the best segmentation
accuracy compared to the other methods. LG-SEG and FDA-SEG

yielded the worst results among the compared methods. Indeed,
LG-SEG does not use any prior knowledge about the object and
background color distribution and feature relevance. On the other
hand, FDA assume the data of object/background classes follow
Gaussian distributions. This assumption is not realistic for most of
the examples and, consequently, some parts of the objects have
been absorbed by the background and vice versa. GCUT-SEG and
FBS-SEG have the closest performance to our approach. Indeed,
GCUT-SEG uses prior knowledge about the object/background
distributions to perform segmentation. On the other hand, FBS-
SEG selects feature subsets ensuring the best separation between
objects and their contextual backgrounds. However, we observed
that using FBS is more conservative in that some parts of the
objects were segmented to the background. Using FR in our
method has yielded more accurate segmentations.

Table 1 shows values of SDc and SAc obtained for each object
category and the compared methods. For the SAc criterion, our
approach on average outperforms GCUT-SEG by 13% and LG-SEG
by 39%, FDA-SEG by 38% and FBS-SEG by 08%. In terms of the SDc

criterion, LRR-SEG also gave the best performance. This is directly
related to the quality of segmentation since lesser values of SDc

mean lesser deviation from the ground truth. Note that the worst
performance has been obtained for the “red car” category, which
can be explained by the high variability in the object/background
appearance in this category compared to the other categories.
Nonetheless, our approach outperformed the compared methods
for this criterion. Finally, Fig. 7 gives some examples where our
algorithm failed to accurately separate objects from the back-
ground. Indeed, in these images, no feature in our pool has been
discriminative enough to separate the objects from their
background.

4.2. Figure-ground segmentation in video sequences

Segmenting moving objects from background in video seq-
uences is important for several applications such as video surveil-
lance, video coding and editing [44]. In the past, several methods

Fig. 11. Part (a) shows tracking results using FR of frames 02, 28, 52, 56, 69, 85, 88 and 103, from left to right and top to bottom. Part (b) shows tracking results for the same
frames without using FR.
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have been proposed for object tracking using appearance models
[44]. Using object histogram, for example, has led to the mean-shift
method which performs fast and accurate tracking of object
positions [13]. Collins et al. [12] have used linear combinations of
color channels to build feature sets that enhance mean-shift track-
ing. In general, these methods are capable of localizing object
positions in a video sequence. However, they are not efficient in
localizing object boundaries. In this paper, we apply our figure-
ground segmentation method to track boundaries of moving
objects in videos. We apply FR and level sets via Eq. (10) to ensure
maximum discrimination between the objects and their sur-
roundings.

Figs. 9–11 show three examples comparing tracking results by
using and without using FR. In these examples, neighborhoods of
the target objects change constantly due to the movement of other

objects which distract tracking. The three sequences are composed
of 266, 200 and 130 frames, respectively. For each frame, we
calculate the feature weights by extracting the positives and
negative examples from its last 4 predecessor frames. The extrac-
tion of these examples is performed as follows. Suppose that the
bounding rectangle B of the object contour has height H and width
W in the frame (see Fig. 8, where the object contour is represented
by the red line). The surrounding of the object is the part of the
background delimited by the rectangle B0 which has the same
center as B and has height: Hþ2L and width:Wþ2L. The value of L
is chosen sufficiently high (60 pixels in our experiments) and the
tracking is performed inside B0.

In the first example (see Fig. 9), the immediate background of
the tracked object changes due to partial occlusions from other
distracting objects. The object has been successfully isolated from
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Fig. 12. Evolution of the tracking error E¼ 1�SA w.r.t. the frame number in the: (a) first , (b) second and (c) third sequences, respectively.
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the background by using our method. Without using FR, the
tracking has been distracted at frames 40, 60, 120 and 250 where
parts from contacting/occluding objects have been included in the
tracked object. To resume tracking in this case, we had to re-
initialize manually the object contour in these frames. Our method
successfully avoided these distractions where the level set remained
around the real target object boundaries. The same remark holds for
the second and third examples (see Figs. 10 and 11), where we let
the tracking continue without contour re-initialization when dis-
traction occurs.

Finally, Fig. 12 gives values of E¼ 1�SA (i.e., tracking error) as a
function of frame number in the three test sequences. In the first
example, where we had to re-initialize tracking at each distraction,
we note that tracking is distracted around frames 40, 80, 120 and
250 when FR is not used. The level set includes parts of the
background where the target object passes in proximity of other
objects. The same remark holds for the second and third examples,
where we let run the tracking without re-initialization. Indeed, the
tracking recovers itself only when the object causing distraction
disappears from the scene. Using FR successfully avoids these
distractions which maintains a low error value E in the three
examples. These experiments demonstrate the benefit of using FR
for figure-ground segmentation in videos.

5. Computational efficiency

For segmenting a new image, suppose that the evolved level set
function encloses the object region F ðtÞ at time t . Then, one step of
updating the level set function using (10) has a computation time
OðDj∂F ðtÞjÞ, where D is the number of features and j∂F ðtÞj is the
length of the contour (in pixels). For statistical parameter updat-
ing, the computational complexity is OðKDjΩjÞ, where K is the total
number of components in the object/background data and jΩj is
the size of the image. Therefore, the total computational time of
each iteration is OðDj∂F ðtÞjÞþOðKDjΩjÞ. We note that our approach
has approximately the same computational complexity as LG-SEG
[23] and GCUT-SEG [35], but the latter approaches do not have a
pre-training stage. In a Matlab/C environment running on a
2.5 GHz Intel processor, the average time for image segmentation
is 4.7 s using our approach, 5.5 s using LG-SEG and 3.4 s using
GCUT-SEG . In video sequences, FR is computed dynamically for
each frame using previous frames tracking results, which adds
some computation time to our algorithm. However, this can be
alleviated by using for each frame a contour initialization based on
the last tracking results. Thus, a small number of iterations is
required for the level set to reach the tracked object boundaries.
Currently, it takes about 0.5 s to process a frame using the above
computer setting.

6. Conclusions and discussion

We have proposed an approach for figure-ground segmenta-
tion in images and videos which efficiently integrate feature
relevance (FR), statistical modeling and active contours. Our
approach for learning FR is based on maximization of likelihood
ratio between positive and negative examples of a given object
category. We have incorporated FR in a variational framework for
figure-ground segmentation using level sets. Obtained results have
demonstrated the advantage of using our approach over recent
state-of-the-art methods based on energy minimization. Despite
the fact that our approach needs a training stage for FR computa-
tion, it does not add too much computation burden to our
segmentation since the training can be done in an off-line fashion
and once for all segmentations.

Finally, some remarks can be made about the limitations of our
method. First, for most of the failed segmentations that we have
obtained, we noticed that the backgrounds were either highly
textured or contain clutter. In this case, no feature used in our pool
could provide enough discrimination between the objects and
their background. This problem can be alleviated, for example, by
using shape information which can be activated in such cases.
Another limitation relates to the assumption that an object lies in
the focus of attention in the image (i.e., center of the image), which
helps to correctly initialize contours and the algorithm to con-
verge. To relax this constraint, one can add an object localization
module to the system to enable automatic contour initialization to
the right position. This opens the door to several techniques that
can be applied. For example, saliency maps [11] and bag-of-words
[27] can be efficiently applied to achieve this goal. In video
sequences, our approach can be improved by taking into account
correlation between successive frames.
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Appendix A

A.1. Derivation of feature relevance weights

We minimize function (1) according to each parameter αd by
finding the value giving the following equality:

∂φðα1;…;αDÞ
∂αd

¼ 0 ) �1
α2
d

ðAd�RdÞ�λ¼ 0 ) λ¼ �ðAd�RdÞ
α2
d

: ð16Þ

By putting hd ¼ Ad�Rd and using the constraint
PD

d ¼ 1 αd ¼ 1, we
get from Eq. (16) the following equation:

hd
αd

þλαd ¼ 0 )
XD
d ¼ 1

hd
αd

þλ
XD
d ¼ 1

αd ¼
XD
d ¼ 1

hd

αd
þλ¼ 0: ð17Þ

) λ¼ �
XD
d ¼ 1

hd
αd

: ð18Þ

Putting together Eqs. (16) and (18)? gives

hd
α2
d

¼
XD
j ¼ 1

hj
αj
: ð19Þ

In one side, Eq. (19) gives the equality:
h1=α2

1 ¼⋯¼ hd=α2
d ¼⋯¼ hD=α2

D. Therefore, we can write each
parameter αd as follows:

1
αd

¼ 1
αj

ffiffiffiffiffi
hj
hd

s
; 8 j¼ 1;…;D: ð20Þ

In the other side, by substituting the value of 1=αd of Eq. (20) in Eq.
(19), we obtain

hd
α2
d

¼
XD
j ¼ 1

1
αd

ffiffiffiffiffi
hd
hj

s
hj ¼

XD
j ¼ 1

1
αd

ffiffiffiffiffiffiffiffiffi
hdhj

q
) αd ¼

ffiffiffiffiffi
hd

p
PD

j ¼ 1

ffiffiffiffi
hj

q ð21Þ
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A.2. Derivation of fixed-point iterations for GMM parameter
updating

By keeping the terms in (9) containing the foreground para-
meters, we have

Bd ¼
Z
F
� ln

XKd

k ¼ 1

πdkpðex;djθdkÞ
 !

dxþ
Z
B
ln

XKd

k ¼ 1

πdkpðex;djθdkÞ
 !

dx

ð22Þ
Minimizing (9) w.r.t. θ

!
amounts to find the parameters that give

the best fit to data in F and the least fit to data in B, respectively.
In other words, the first term of the function yields exactly the
maximum likelihood estimation for the parameters. The second
term discourages these parameters to fit the background data. The
local minima of (9) w.r.t. each parameter θdk is obtained by setting
the first derivative of (9) w.r.t. θik equal to zero. Then, we have

∂Bd

∂θdk
¼ �

Z
F

πdk
∂pðex;djθdkÞ

∂θdkPKd
j ¼ 1 πdjpðex;djθdjÞ

0
BB@

1
CCA dxþ

Z
B

πdk
∂pðex;djθdkÞ

∂θdkPKd
j ¼ 1 πdjpðex;djθdjÞ

0
BB@

1
CCA dx

ð23Þ

¼ �
Z
F
pðθdkjex;dÞ

∂ln pðex;djθdkÞ
� �

∂θdk
dxþ

Z
B
pðθdkjex;dÞ

∂ln pðex;djθdkÞ
� �

∂θdk
dx:

ð24Þ
By substituting θdk with μdk, then σdk, we obtain the formulas in
Eqs. (11) and (12). To estimate the mixing parameters πdk, we
should take into account the constraint

PKd
k ¼ 1 πdk ¼ 1. In doing so,

we obtain a new function to minimize using a Lagrange multiplier
λ given as

Cd ¼ Bd�λ
XKd

k ¼ 1

πdk�1

 !
; ð25Þ

which is minimized first w.r.t. πdk to obtain

∂Cd

∂πdk
¼ �

Z
F

pðex;djθdkÞPKd
j ¼ 1 πdjpðex;djθdjÞ

dxþ
Z
B

pðex;djθdkÞPKd
j ¼ 1 πdjpðex;djθdjÞ

dx�λ

ð26Þ

¼ �
Z
F

pðθdk jex;dÞ
πdk

dxþ
Z
B

pðθdk jex;dÞ
πdk

dx�λ: ð27Þ

By putting ∂Cd=∂πdk ¼ 0, we obtain

πdk ¼
R
Fpðθdk jex;dÞ dx�

R
Bpðθdk jex;dÞ dx

λ
: ð28Þ

Given that
PKd

l ¼ 1 πdl ¼ 1, we obtain

XKd

l ¼ 1

Z
F
pðθdl jex;dÞ dx�

Z
B
pðθdl jex;dÞ dx¼ λ: ð29Þ

By combining Eqs. (28) and (29), we readily derive Eq. (13).
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