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Abstract—Human body segmentation is a critical module in
video-based activity recognition (AR) because it defines the image
area necessary and sufficient for the follow-up modules like
feature extraction. Existing methods often involve modeling of
the human body and/or the background, which normally
requires extensive amount of training data and cannot efficiently
handle changes over time. Recently, active contours have been
emerging as an effective segmentation technique in still images.
In this paper, an active contour model is adapted that is robust to
illumination and clothing changes, typical issues in practical AR
systems. To make the model work smoothly with video data, the
optical flow is used, which is estimated in two consecutive frames,
to position the initial contour in the current frame. The proposed
approach is unsupervised, i.e., no training data or prior human
model is needed. The proposed model gives prominent results of
segmentation.
Keywords; video surveillance; body segmentation; active
contour; optical flow

I.

INTRODUCTION

Recognizing human activities is an increasingly active
research area and is a key component in many computer vision
and pattern recognition applications, such as video
surveillance. The accuracy of the video-based human activity
recognition depends significantly on the performance of human
body segmentation. Existing video segmentation methods can
be roughly categorized using three types of image
measurements on which the segmentation is based, i.e., motion,
appearance, or shape. The principle of motion-based
segmentation is that by detecting the motion from consecutive
images, one can find the human. The motion can be measured
using either flow estimation [1-3] or image differencing [4, 5].
But in these methods, if the body parts that have not moved nor
have image intensity similar to their neighbors’ will not be
detected that is one of the limitations of this category.
Appearance-based segmentation is based on a simple
assumption that appearance of human is different from that of
the background. Methods in this category work by first
constructing a human appearance model and then extracting
pixels in the current image that match with the constructed
model. Those methods not only extract human from
background but can also distinguish individuals from one
another by building up a distinct appearance model for each
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individual [6-8]. Similar to appearance-based approaches, the
shape-based segmentation is built on the idea that the shape of
a human is different from that of other objects in an image.
However, the shapes of individuals are almost the same,
making the approaches in this category suitable for tracking
simple correspondences [9-12]. Appearance-based and shapebased segmentation methods require supervised learning, i.e., a
model of each human has to be built up in advance to train a
suitable classifier or to compare with the model of the
segmented foreground objects. Building up models able to
handle changes over time remains an open issue. On one hand,
a model should adapt quickly to change, but on the other hand,
long term temporal consistency is required.
In this research, a model is proposed that use unsupervised
segmentation in combination with motion information.
Specifically, in each video frame, an active contour (AC) [13]
is evolved to capture the human body and the motion
information (i.e., optical flow) is used to move the contour
toward the human position in the next frame, where the contour
is again evolved to detect the exact boundary of the body that
avoid the need of supervised learning. In AC models, the initial
contour should be close to the object in order to converge
correctly. This can be done manually in static images but will
not be feasible in video data which have a large number of
frames. Automating the initialization of AC is therefore
needed. Optical flow is a good candidate for this purpose
because it contains the relatively exact direction and magnitude
of the motion between consecutive frames. According to the
afore-mentioned classification, the proposed approach falls into
the shape-based category with partial incorporation of temporal
context. By “partial”, means that the temporal information is
not embedded in the contour evolution itself but instead is used
as a guideline for positioning the initial contour.
We already discussed some related work about the human
body segmentation. The rest of the paper is organized as
follows. The nest two sections provide an overview of the
proposed approach, and the experimental results and
discussion on its comparison with the conventional ChanVese AC in two conditions: without and with optical flow
incorporation. In the last section, the paper will be concluded
after some discussions.

II.

METHODOLOGY

The accuracy of the video-based human activity recognition
depends significantly on the performance of human body
segmentation. In the field of image segmentation, since it was
first introduced by [13], active contour (AC) model has
attracted much attention. Recently Chan and Vese (CV)
proposed in [14] a novel form of AC that does not use the edge
information (as the other AC models use), but utilizes the
differences between the regions inside and outside of the curve.
Its energy functional is defined as:

F C

³

2

2

³

I x  cin dx 

in C

I x  cout dx

(1)

out C

where x ࣅ ȍ (the image plane)  R , I : : o Z is a certain
2

image feature such as intensity, color, or texture, and

cin and

cout are respectively the mean values of image feature inside
[in(C)] and outside [out(C)] the curve C, which represents the
boundary between the two separate segments. The global
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better result when segment is inhomogenous as shown in
Figure 1(b). The proposed methodology contains, to
incorporate an evolving term based on the Bhattacharyya
distance to the CV energy functional such that not only the
differences within each region are minimized but the distance
between the two regions is maximized as well. The proposed
energy functional is:
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respectively the Heaviside and the Dirac functions [14]. Note
that the Bhattacharyya distance is defined by [-log B(C)] and
the maximization of this distance is equivalent to the
minimization of B(C). Note also that to be comparable to the
F(C) term, B(C) is multiplied by the area of the image because
its value is always within the interval [0,1] whereas F(C) is
calculated based on the integral over the image plane. In
general, we can regularize the solution by constraining the
length of the curve and the area of the region inside it.
Therefore, the energy functional is defined by:

E (C ) J ³ H (I ( x) ) dx  K ³ H (I ( x) ) dx 
:

:
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where Ȗ t  and K t 0 are constants.
The intuition behind the proposed energy functional is that
we seek for a curve which 1) is regular (the first two terms) and
2) partitions the image into two regions such that the
differences within each region are minimized (i.e., the F(C)
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term) and the distance between the two regions is maximized
(i.e., the B(C) term). The level set implementation for the
energy functional in (2) can be derived as:
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where A in and A out are respectively the areas inside and
outside the curve C.
As a result, the proposed model can overcome the CV AC’s
limitation in segmenting inhomogeneous objects as shown in
Fig. 1(c), yielding the body detector more robust to
illumination changes and clothing.

(a)

(b)

(c)

Figure 1: Sample segmentation of inhomogeneous body-shape
object using active contours. (a) Initial contour, (b) segmentation
result of CV AC, and (c) proposed approach. The CV AC fails to
capture the whole body where as the proposed approach succeeds

A. Optical Flow
The convergence of active contour models generally
depends on the initial contour [14] that is usually done
manually in static image segmentation. In this paper, a model is
proposed that incorporates motion information associated in
video surveillance to automat this process that can be
effectively obtained using optical flow, which is defined as the
pattern of motion of objects in a visual scene.
In this paper, a recent implementation of optical flow
presented in [16] is used, which was based on [17, 18]. The
main idea was to integrate the warping technique [19, 20] into
a variational framework where the proposed energy functional
consists of non-linearized constraints on intensity constancy,
gradient constancy, and smoothness. The coarse-to-fine
warping technique helps to implement the optimization of nonlinearized constancy assumptions and provide a better optical
flow estimation in case of large displacements, i.e., more than
one pixel per frame. The accuracy of this model is therefore
significantly higher than that of other methods in the literature.
III.

RESULTS AND DISCUSSIONS

This paper incorporates motion information associated in
video surveillance that can be effectively obtained using optical
flow. In order to evaluate the proposed algorithm, a publicly
available dataset [21] is used, which consists of ten activities,
and each activity was performed by nine different people. The
frame size is 144 x 180.
A. Segmentation without Optical Flow
In video surveillance, the active contour evolution in a
certain frame is performed independently of the other frames,

means that the human body segmentation in video is done
frame-based. The only utilized information is the final contour
obtained in the previous frame which will be used to determine
the initial position of the active contour in the current frame.
First, an ellipse with major axis along y-axis of length 25 and
minor axis along x-axis of length 10 is selected as the initial
contour. In the experimental results of this paper, this initial
shape will be same for all frames, but only center location
varies. In each video, the first frame is segmented using manual
initialization such that the initial contour is closer to the object.
Then from the second frame, the position of the initial
contour’s center in the current frame is the mean value of the
points along the final contour in the previous frame. For
example, suppose that along the final contour of frame n(n t 1) ,
there are M points x i(n ) , yi(n ) , i 1..M . Then, the center
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Some experimental results of image segmentation of
different video activities are shown in Fig. 2, which indicates
that the proposed model with the above-described scheme
works well with static activities like bend, wave, or jack, but
for dynamic activities such as run, walk, or skip, it fails to
capture the whole body correctly.
B. Segmentation with Optical Flow
The proposed algorithm fails to segment the human body in
dynamic activities, because the reason is that there is a large
displacement of object between consecutive frames of those
videos, making the previous-frame-based initial position in the
current frame far from the object of interest. To overcome this
problem, we propose to incorporate the optical flow to move
the initial contour closer to object, i.e., in each video, the first
frame is segmented using manual initialization exactly the
same as in the previous experiment.
From the second frame, x i(k ) , yi(k ) , i 1..N, be N points
along
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CONCLUSION

This paper has presented an active contour model for
human body segmentation from video data that is the modefied
model of [22]. Compared to the conventional CV AC for static
image segmentation, the proposed model is more robust to
noise, illumination changes, and clothing, when applied to
video data. The prposed AC model incorporates the motion
information which can be effectively estimated using optical
flow technique. The optical flow is used to shift the final
contour in the previous frame toward the object in the current
frame. The mass center of the shifted contour is then used as
the center of the initial contour in the current frame. Because
optical flow has significant values on parts that move
much and is almost zero on static parts of the body, contour
points will move or stand still accordingly. As a result, the
proposed AC model with this initialization scheme can
correctly segment human body in both “static” and “dynamic”
activity videos, The comparison results with conventional CV
AC are shown in Fig. 4, 5 and 6 respectively
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It is to be noted from Fig. 6, that the segmentation results of
the proposed model with the described initialization. It is
possible to see that the images from both “static” and
“dynamic” activity videos were correctly segmented.
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Fig.5. Segmentation results of CV AC model with
optical flow. The CV AC fails to capture the correct
body even with optical flow incorporation

