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ABSTRACT 

In this paper, a novel segmentation algorithm for color 
video sequences using the level set technique is 
proposed. This algorithm is applied to the problem of 
automatic face region segmentation in video sequences. 
Given a target color range training set, a model of that 
color distribution is formed. An  objective function is then 
defined that seeks the boundaries of any regions in an 
image that match the target colors. This function is 
minimized using an implementation of the level set 
algorithm. Motion estimation greatly reduces the 
computation required for segmenting video sequences. 
Results are presented demonstrating the high level of 
accuracy and flexibility of the proposed segmentation 
algorithm. 

1. INTRODUCTION 

The emerging MPEG-4 video standard [ I ]  introduces the 
concept of object-based video coding. Video data is 
regarded as being composed of a mixture of video and 
audio objects, as well as other media formats such as 
computer-generated imagery, titles etc. This approach 
allows for radically more flexibility at the receiver end in 
selecting the quality and display format of video. The 
method of segmenting digital video to form these video 
objects has not been standardized, and in this paper, a 
color-based method of achieving this is examined. 

The problem of video segmentation has been 
approached from several different sides. These can be 
broadly divided into two categories: 

1. ‘Low-level’ approaches that use information 
at pixel level such as optical flow, gradient, 
color and texture information [2][3][4]. Areas 
of similar measure are then grouped to form 
regions. 

2. ‘High-level’ approaches where some 
knowledge of the structure of real-world 
scenes is embedded in an attempt to produce 
a more ‘natural’ solution to segmentation 
[5][6].  These include model-based 
approaches and segmentation based on three- 
dimensional structure. 

Low-level techniques suffer from a ‘myopia of 
content’, where the segmented shapes may not actually 
correspond to semantically meaningful objects. These 
forms of segmentation are generally used for increasing 
coding efficiency. Grouping together regions of similar 
motion works very effectively for continuously moving 
objects moving over static backgrounds. However in 
natural video scenes, accurately estimating motion 
parameters is difficult. 

Higher level approaches include using structure-fiom- 
motion (SFM) algorithms to estimate the 3D-scene 
structure [7], which is then segmented leading to a 
corresponding 2D segmentation. If done accurately, this 
leads to a far more meaningfbl segmentation of the 
sequence. SFM is notoriously difficult to compute 

‘however and is subject to much ambiguity. In order to get 
a reliable segmentation many unnatural restrictions have 
to be imposed on the structure such as rigidity, 
connectivity and the number of independent motions. 3D 
estimation is also a very computationally intensive 
process. 

Model-based coding generally imposes some form of 
restraint on the shape and nature of the object to be 
segmented. A common example is segmentation of the 
face [SI where usually a detailed model of the shape and 
location of the facial features is built up. These 
algorithms are not easily generalized to deal with other 
forms of segmentation. 
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Active contours are often seen as a compromise 
between these two levels of segmentation. The central 
idea being that a curve is placed on the image plane, and 
moved in such a way that it aligns itself with a desired 
feature on the image. This is achieved by minimizing an 
inbuilt energy function [SI. Several features can be used 
to formulate this function, such as gradient, motion, color 
and texture, thereby guiding the motion of the curve. 
Active contours, or snakes are traditionally implemented 
by parameterization along the curve, and suffer from 
inherent instability in numerical approximations. Sethian 
[9][ IO] proposed recasting the 2D curve evolution 
problem as one of 3D surface propagation. This method, 
called the level set method, facilitates numerical 
implementation, and also permits simple changes in the 
topology of the curve, which is not directly possible 
within the active contour framework. 

Several authors have applied the level set method to 
segmentation based on image gradient [11][12]. These 
algorithms require strong unbroken edges, and since the 
curve only evolves in one direction, careful initial 
placement of the curve is required. Amedieu et al [I31 
introduced a formulation of the level set method allowing 
both inward and outward motion of the propagating 
curve, but strong image features were still required. 
Paragios and Deriche [I41 introduced a novel 
combination of motion and contour information to 
segment non-rigid objects, while Mansouri and Konrad 

ed motion information alone. In both cases, good 
estimation is required, and thus areas of little 

texture are difficult to segment accurately. None of the 
above algorithms made use of the color information in the 

. Use of color alone 
nt areas of similar intensity level, even 

2. COLOR MODELING 

In order to control the behavior of the contour, we need to 
derive a speed function F that will guide the curve 
towards areas of a specified color, or colors. Color can be 

in several different color-spaces - RGB, 
V, CIE, Y W  [ 161. The standard RGB color- 

space is not suitable for color segmentation, as the same 
color will appear as different shades under different 
lighting conditions. In order to reduce the effect of 
lighting on the segmentation process, the color space we 
chose was normalized rgb, as defined by: 

Since F + + = 1 , we can discard one component 
(in this case we use r a n d  g), thus we get a mapping 
from R3+R2, with the intensity information being 
discarded. In this paper, the proposed segmentation 
algorithm is applied to face segmentation, but the same 
process can be used for segmentation of any consistent 
color model. We examined the normalized distribution of 
skin tones in a database of many skin samples from a 
wide range of ethnic backgrounds and lighting 
conditions. 

Several authors have attempted to model this pattern 
either as a single [ 5 ] ,  or mixture [17] of Gaussian 
distributions. In doing so however, many of the subtleties 
of this highly non-linear distribution are lost. We propose 
generating a 2D histogram, T o f  the distribution of the 
(r,g) couples from our database. Any noise or outliers in 
are removed by one or more morphological operations. A 
threshold, tskin, is calculated based on the number of 
samples in the database. Based on this threshold, a 
function is developed that indicated the likelihood of each 
new pixel of normalized color cl=(rl,gl) belonging to the 
distribution: 

In this equation, the logarithmic term serves to 
approximately linearize the color distribution. We now 
look at how this model is incorporated into a level set 
framework. 

3. LEVEL SET FORMULATION 

The basic level-set scheme is given by: 

where Y is a surface whose zero level-set represents the 
2D contour. F is the speed function and it controls the 
motion of the curve. Separating the speed function into 
two terms, an image-based term F1 and curvature-based 
term F2, we get: 

F=F; +F,(K)  (4) 

The approach in this paper is to derive the term F, in 
equation (2) that is negative over regions of pixels that do 
not conform to our selected color model, and positive 
elsewhere. In order to maintain the regularity of the 
curve, we add a curvature-based term F2, which has the 
effect of smoothing out the curve in areas of high 
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curvature. This ensures that the curve does not become 
too contorted. A key advantage of the level set method is 
that this value can be evaluated directly from the 
hnction : 

YJJy2 -2YxYyYxy +Y&2 

(y + Y y 2  
K =  (5) 

Here K is an approximation to the local curvature. 
Combining these equations, we get a propagation 
algorithm for the surface" that will cause an initial 
arbitrarily placed curve to converge on the boundary of 
regions of the required color. Due to the nature of the 
level set method, this curve can split and merge as it 
evolves over time, changing its topology to match the 
number of objects present. The number and minimum 
size of objects extracted is optionally controlled by an 
initial preprocessing step on the current frame. 

4. NUMERICAL IMPLEMENTATION 

An arbitrary initial curve is placed on the first frame of 
the video sequence. The function is initialized with a fast 
approximation to a signed distance function. The 
evolution equation (3) is implemented using carefully [9] 
selected numerical approximations to the spatial and 
temporal derivatives. 

Since only the values on the surface" in the close 
vicinity of the zero level set actually contribute to the 
motion of the zero-contour, the narrow-band algorithm 
[lo] is used, where only a subset of points in a band of 
some small width are included for propagation. When the 
evolving curve nears the edge of this band, the band is re- 
initialized around the current curve position. 

The level set function is iterated until the zero level set 
lies along the boundary of the desired colored regions. In 
the second frame, the old values of Y are retained as the 
solution set most likely lies close to its position on the 
first frame. In subsequent frames, Y is first motion- 
compensated according to the motion of the extracted 
contour in the previous two frames. Using this method, 
only one or two iterations are required per frame before 
convergence. 

5. RESULTS 

Figure 1 shows the evolution of a curve, shown here as a 
white line, on the Foreman sequence, an MPEG-4 test 
sequence. Even though the initial curve covers both skin 
and non-skin regions, it simultaneously moves in both 

directions to accurately segment the face region. The area 
around the collar where the neck is not perfectly 
segmented is due to the very dark shading, and thus 
insufficient color information present. 

In Figure 2, the curve changes its topology to segment 
the two faces present in the Newsreader sequence. Note 
also that the preprocessing of the color image placed a 
minimum size criterion on the curve preventing the 
characters in the background video screen from being 
segmented. 

Finally, to demonstrate an application of the proposed 
method in video coding, the above algorithm was built 
into a standard H.261-like video codec. The extracted 
areas were encoded with a higher quality factor than the 
background, as they are perceptually more important. The 
Foreman sequence was encoded at the same bitrate using 
both methods, and a sample output frame is shown in 
Figure 3. 

Figure 1 : Location and tracking on Foreman sequence' 

These results can be viewed at http://dsp.ucd.ie/-peter/ 
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Figure 2: Example of case with multiple objects 
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segmentation under challenging lighting conditions. 

Figure 3: Uniformly and selectively 
quantised frame from foreman sequence 

5. CONCLUSIONS 

In this paper, we have presented a color-based level set 
segmentation method. The algorithm first builds a 
histogram controlled normalized color space model from 
an initial training set, and then uses this model to control 
the evolution of a curve to segment areas of an image that 
conform to this model. This segmentation is efficiently 
extended into the time domain, resulting in a robust video 
segmentation procedure. 
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