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Abstract: Object segmentation in image sequences is very important to application areas such as human-

computer interaction, content-based video coding, and multi-object tracking. To robustly differentiate 

independently moving objects composing the scene, the strategy to integrate temporal and spatial information 

from the video sequence is a key issue throughout the segmentation process. To address these issues the 

proposed strategy uses visual and motion based saliency features for extracting foreground and background 

object in the scene. In visual saliency Color, texture, luminance features are extracted to obtain the visual 

saliency of the object. Motion saliency is obtained by extracting the Motion features of the object. A dynamic 

conditional random field is applied to effectively combine the saliency induced features. The segmentation 

method employs both visual and motion cues (shape and color), and it combines dynamic information and 

spatial interaction of the observed data. Experimental results show that the proposed approach effectively fuses 

contextual constraints in video sequences and improves the accuracy of object segmentation. 

 

Index Terms: Conditional random field (CRF), Dynamic conditional random field (DCRF), Gaussian mixture 

models (GMM), motion saliency, video object extraction (VOE), visual saliency. 

1.    INTRODUCTION 

Human can easily determine the subject of interest in a 

video, even though that subject is presented in an 

unknown or cluttered background or even has never 

been seen before. With the complex cognitive 

capabilities exhibited by human brains, this process can 

be interpreted as simultaneous extraction of both 

foreground and background information from a video. 

Many researchers have been working toward closing the 

gap between human and computer vision. However, 

without any prior knowledge on the subject of interest 

or training data, it is still very challenging for computer 

vision algorithms to automatically extract the 

foreground object of interest in a video. As a result, if 

one needs to design an algorithm to automatically 

extract the foreground objects from a video, several 

tasks need to be addressed. 

 Unknown object category and unknown number 

of the object instances in a video. 

 Complex or unexpected motion of foreground 

objects due to articulated parts or arbitrary poses. 

 Ambiguous appearance between foreground and 

background regions due to similar color, low 

contrast, insufficient lighting, etc. conditions. 

 In practice, it is infeasible to manipulate all 

possible foreground object or background models 

beforehand. However, if one can extract representative 

information from either foreground or background (or 

both) regions from a video, the extracted information 

can be utilized to distinguish between foreground and 

background regions, and thus the task of foreground 

object extraction can be addressed. As discussed later in 

Section II, most of the prior works either consider a 

fixed background or assume that the background 

exhibits dominant motion across video frames. These 

assumptions might not be practical for real world 

applications, since they cannot generalize well to videos 

captured by freely moving cameras with arbitrary 

movements. 

In this project, we propose a robust video object 

extraction (VOE) framework, which utilizes both visual 

and motion saliency information across video frames. 

The observed saliency information allows us to infer 

several visual and motion cues for learning 

Foreground and background models and a 

Dynamic conditional random field (DCRF) is applied 

to automatically determines the label (foreground or 

background) of each pixel based on the observed 

models. With the ability to preserve both spatial and 

temporal consistency, our VOE framework exhibits 

promising results on a variety of videos, and produces 

quantitatively and qualitatively satisfactory 
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performance. While we focus on VOE problems for 

single concept videos (i.e., videos which have only one 

object category of interest presented), our proposed the 

same type) with pose, scale, etc. variations. In this 

project, we propose a robust video object extraction 

(VOE) framework, which utilizes both visual and 

motion saliency information across video frames. The 

observed saliency information allows us to infer several 

visual and motion cues for learning foreground and 

background models, and a Dynamic  conditional 

random field (DCRF) is applied to automatically 

determines the label (foreground or background) of 

each pixel based on the observed models. With the 

ability to preserve both spatial and temporal 

consistency, our VOE framework exhibits promising 

results on a variety of videos, and produces 

quantitatively and qualitatively satisfactory 

Performance. While we focus on VOE problems for 

single concept videos (i.e., videos which have only one 

object category of interest presented), our proposed 

method is able to deal with multiple object instances (of 

the same type) with pose, scale, etc. variations 

 

2.    EXISTING SYSTEM 

In existing video object extraction (VOE) framework it 

utilizes both visual and motion saliency information 

across video frames. The observed saliency information 

allows to infer several visual and motion cues for 

learning foreground and background models, and a 

conditional random field (CRF) is applied to 

automatically determines the label (foreground or 

background) of each pixel based on the observed 

models. With the ability to preserve both spatial and 

temporal consistency, our VOE framework exhibits 

promising results on a variety of videos, and produces 

quantitatively and qualitatively satisfactory 

performance. While we focus on VOE problems for 

single concept videos (i.e., videos which have only one 

object category of interest presented), our proposed 

method is able to deal with multiple object instances 

with p o s e  s c a l e  v a r i a t i o n s  a r e  t a k e n  i n t o  

a c c o u n t . 

 

 
 

Figure1: Overview of Video object extraction 

 

3. RELATED WORK 

To separate foreground and background regions 

within and across video frames, it utilizes visual and 

motion saliency information extracted from the input 

video [1], Lin and Davis [2] both decomposed an object 

shape model in a hierarchical way to train object part 

detectors, and these detectors are used to describe all 

possible configurations of the object of interest. 

Another type of extraction methods requires user 

interaction for annotating candidate foreground regions. 

For example, image segmentation algorithms proposed 

in [3], [4] focused on an interactive scheme and 

required users to manually provide the ground truth 

label information. For videos captured by a monocular 

camera, methods such as Criminisi et al., Yin et al. [5], 

[6] applied(CRF) maximizing a joint probability of 

color, motion, etc. The model is independent of 

features, categories, or other forms of prior knowledge 

of the objects. By analyzing the log-spectrum of an 

input image, we extract the spectral residual of an 

image in spectral domain, and propose a fast method to 

construct the corresponding saliency map in spatial 

domain.[6],and[7] proposes an algorithm for 

automatically detecting and segmenting a moving 

object from a monocular video. An interactive 

framework for soft segmentation and matting of natural 

images and videos is presented in[8]. The focus of [9] is 

the automatic detection of visually salient regions in 

images. Describes a new method for automatic target 

segmentation [10] and tracking which uses a multi-label 

Markov Random Field (MRF) formulation to 

sequentially “carve” a target of interest out of a video 

volume 

 

 

 



ISSN: 2347-971X (online)                                                                                                          International Journal of Innovations in Scientific and  

ISSN: 2347-9728(print)                                                                                                                                                 Engineering Research (IJISER)                                                            

 

www.ijiser.com                                                                                        273                                                                    Vol 1 Issue 4 APR 2014/110   

 

4. PROPOSED SYSTEM 

In proposed work Video object extraction can be 

done by exploring and advancing additional features for 

estimating visual and motion saliency. Besides color 

and contrast feature for estimating visual saliency, 

texture and luminance features is also extracted .In 

motion saliency estimation, shape and color cues are 

estimated. These extracted features can be integrated by 

means   of dynamic conditional random field 

(DCRF).By this spatial and temporal dependencies 

within the segmentation process are unified. An 

efficient approximate filtering algorithm is derived for 

the DCRF model to recursively estimate the 

segmentation field from the history of video frames. 

The segmentation method employs both visual and 

motion cues, and it combines dynamic information and 

spatial interaction of the observed data. Experimental 

results show that the proposed approach effectively 

fuses contextual constraints in video sequences and 

improves the accuracy of object segmentation 

 

5.    MODULE DESCRIPTION 

5.1Extraction of visual saliency 

To extract visual saliency of each frame, we 

perform image segmentation on each video frame 

and extract color, contrast, Texture and Luminance 

information 

 

5.1.1 Feature Calculation Based on DCT 

Coefficients 

The proposed model uses DCT coefficients of 

unpredicted frames (I frames) to get luminance, 

color and texture features. DCT coefficients in  one  8  

8 block are composed of one DC coefficient and 63 

AC coefficients. In each block, the DC coefficient is 

a measure of the average energy for the 8 8 block, 

while other 63 AC coefficients represent detailed 

frequency properties of this block. YCrCb color 

space is used in MEPG4 video bit stream. In 

YCrCb color space, Y channel represents the 

Luminance component, while Cr and Cb represent 

the Chroma components. Thus, the DC coefficients 

in DCT blocks from Y, Cr, and Cb channels are 

used to represent one luminance feature and two 

color features for 8X8 blocks as follows: 

 

 

 

 Where L, C1 and C2  represent one luminance and 

two color features in each 8X8 DCT block 

respectively 

 

The texture feature can be represented by using first 9 

AC coefficients as in equation (2) 

 

5.2 Retrieve optic flow 

Assume that either foreground or background 

exhibits dominant motion, our proposed framework 

aims at extracting motion salient regions based on 

the retrieved optical flow information. To detect 

each moving part and its corresponding pixels, we 

perform dense optical-flow forward and backward 

propagation at each frame of a video. 

 

Where q denotes the pixel pair detected by forward or 

backward optical flow propagation 

5.3 Extraction of motion saliency 

After determining the moving regions, we propose to 

derive the saliency scores for each pixel in terms of the 

associated optical flow information. 

Saliency score S(rk ) as follows 

 

 

 

Where Ds is the Euclidean distance between the 

centroid of rk and that of its surrounding super pixels ri, 

while σs controls the width of the kernel. 

To calculate the motion saliency M(i, t) for each 

pixel i at frame t, and the saliency score at each frame is 

normalized to the range of [0, 1] The result derived 

from the saliency score on each pixel can be used. 

When the foreground object exhibits significant 

movements (compared to background), its motion will 

be easily captured by optical flow and thus the 
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corresponding motion salient regions can be easily 

extracted. 

5.4   Learning of shape cues 

Since it is typically observed that each moving part of a 

foreground object forms a complete sampling of the 

entire foreground object we advance part-based shape 

information induced by motion cues for characterizing 

the foreground object. To describe the motion salient 

regions, convert the motion saliency image into a binary 

output and ex t r ac t  the  shape  in format io n  fro m 

the motion salient regions. 

 First   binarize   the   aforementioned   motion 

saliency   M(i,   t)   into   Mask(i,   t)   using   a 

threshold of 0.25. 

 Divide each video frame into disjoint 8 × 8 

pixel patches. 

 For each image patch, if more than 30% of its 

pixels are with high motion saliency (i.e., pixel 

value of 1 in the binarized output). 

 Compute the histogram of oriented gradients 

(HOG) descriptors with 4 × 4 = 16 grids for 

representing its shape information. 

 To capture scale invariant shape information, 

further downgrade the resolution of each frame and 

repeat the above process. 

 

Fore ground shape likelihood can be calculated as 

follows 

 

 

5.5 Learning of Color Cues 

Consider color information of pixels in FSshape for 

calculating the foreground color GMM, and those 

in BSshape for deriving the background color GMM. 

Once these candidate foreground and background 

regions  are  determined,  we  use  Gaussian  

mixture models   (GMM)         and         to   model   

the   Ycrcb such  as  mean  vectors  and  covariance  

matrices  are determined by performing an 

expectation-maximization (EM) algorithm. Finally, 

we integrate both foreground and background color 

models with visual saliency and shape likelihood into 

a unified framework for VOE. 

 

5.6 Video object extraction using DCRF 

The definition of conditional random field (CRF) is 

given below:  

For two random fields r and r′ over the video 

scene, (r, r’)is a conditional random field if, when 

conditioned on r′, the random field r obey the Markov 

property(r(x)|r’,r(y),y     )=     P(r(x)|r’,r(y),y      ) 

denotes the neighboring sites of point x. 

Using the Hammersley-Clifford theorem and 

considering only up to pair wise clique potentials, the 

posterior probability of the segmentation field is given 

by a Gibbs distribution with the following form. 

 

To formulate temporal (or dynamic) dependencies 

of consecutive segmentation fields, the state transition 

probability of the segmentation field p(sk+1 | sk) is 

modeled using a Gibbs distribution defined on one-pixel 

and two-pixel cliques as well. 

 

The observation (or likelihood) model p(zk| sk) 

is also formulated by a conditional random field to 

capture dependencies between observations. Here the 

likelihood is formulated as 

 

 

 

By using above equations spatial and temporal 

dependencies in the segmentation process are unified by 

a dynamic probabilistic framework based on the CRF 

model. Therefore it is called the dynamic conditional 

random field (DCRF). The DCRF extends the CRF for 

individual images by incorporating temporal 

dependencies among segmentation field. 

 

6.    CONCLUSIONS 

In this work, an automatic VOE approach which 

utilizes multiple motion and visual saliency induced 

features, such as shape, foreground/background color 

models, and visual saliency, to extract the foreground 
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objects in videos are discussed. It advances a CRF 

model to DCRF to integrate the above features, and 

additional constraints were introduced into DCRF 

model for preserving both spatial continuity and 

temporal consistency when performing VOE. 

Compared with state-of-the-art unsupervised VOE 

methods, this approach was shown to better model the 

foreground object due to the fusion of multiple types of 

saliency-induced features. 

A major advantage of the proposed method is that it 

do not require the prior knowledge of the object of 

interest (i.e., the need to collect training data), nor the 

interaction from the users during the segmentation 

progress. Experimental result shows better result than 

the existing one 
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