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ABSTRACT

An image segmentation method for human gesture analy-
sisis proposed deriving from the concept of opportunistic
vision-based feature fusion. The method for human body
part segmentation in image sequences is motivated by a
layered and collaborative architecture for gesture analy-
sis in multi-view camera networks. The layered struc-
ture aims to accommodate the diversity of gestures while
collaboration embodies opportunistic fusion of informa-
tion from multiple cameras. The proposed segmentation
method is based on both motion and col or information due
to the complementary information represented by the two
features. This method uses results from optical flow and
background subtractionto initiate markersfor awatershed
algorithm to find the person’s silhouette. Then K-means
clustering is used for body part segmentation within the
silhouette. Examples are given to illustrate complemen-
tary effects of different features and segmentation results.
Potentials in feature fusion between multiple cameras are
also discussed.

1. INTRODUCTION

The increasing interest in understanding human behav-
iors and events in a camera context has heightened the
need for human gesture analysis of image sequences. Ges-
ture recognition problems have been extensively studied
in Human Computer Interactions (HCI), where gestures
are well-defined for delivering instructions to machines
[1, 2]. However, “passive gestures’ predominatein behav-
ior descriptions of many applications. Some examplesin-
clude surveillance and security applications, smart home
care applications[3, 4], and video conferencing [5]. Some
approaches to analyzing passive gestures have been inves-
tigatedin[6, 7].

Access to multiple sources of visual data often allows for
making more comprehensive interpretation of events and
gestures. Scalable implementation of multi-camera net-
works can be realized under a change of paradigm from
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centralized processing of raw datato distributed and col-
|aborativeimplementation of vision-based reasoning algo-
rithms at the network nodes. However, in the distributed
algorithm, information shared between cameras needs to
be low-bandwidth so as not to impose heavy communica-
tion load on the network. Therefore, visual data of each
single camerais first analyzed locally, and then descrip-
tions of attributes are transferred between camerasto make
collaborative decisions.

In our gesture analysis approach, body part segments are
obtained in each camera’s view based on prior or learned
on-the-fly knowledge of features. A human body model is
mai ntai ned and updated through the parameters of the seg-
ments, which are communi cated between cameras. Differ-
ent methods have been proposed to find human body con-
figurations in monocular cameras, some with good per-
formance [8, 9]. However, self-occlusion of human body
sometimes poses difficulties when only one view is ana-
lyzed, in which case often assumptions and prior motion
dynamics need to be defined in order to obtain a reason-
able model configuration. Therefore, instead of fitting a
human model for a single camera we aim to employ ob-
servations from multi-view camerasto obtain a 3D human
model description.

In this paper an image segmentation method based on op-
portunistic feature fusion is proposed in the context of hu-
man gesture analysis described above. To motivate this
segmentation method, first in Section 2 we set forth alay-
ered and collaborative data analysis framework that sys-
tematically exploits available information in the network
for analyzing human gestures. The underlying notion is
opportunistic fusion of features both within a single cam-
eraand between cameras. |mage understanding for human
body parts and their attributes is a crucial step towards
gesture analysis, therefore in Section 3 the opportunistic
feature fusion approach is applied to image segmentation
for body parts. Details of segmentationwith featurefusion
in asingle cameraare presented in Section 3.1.
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Figure 1: The layered and collaborative architecture of the gesture analysis system. I; stands for images taken from
camerai; F; isthefeature set for I;; E; isthe gesture element set in camerai; and G is the set of possible gestures.

2. OPPORTUNISTIC APPROACH FOR GESTURE
ANALYSIS

The underlying concept set forth through the decision mak-
ing process is one of opportunistic fusion consisting of
two aspects. First, within a single camera a number of
simple features are adaptively aggregated. Second, be-
tween multi-view cameras, collaboration is actively pur-
sued in different levels to employ the available pieces of
information to reduce decision uncertainty.

2.1. Layered and Collaborative Architecture

The overall architecture for the proposed gesture analy-
sis approach is illustrated in Fig. 1. It consists of four
description layers and three decision layers. From bot-
tom to top, the four description layers are, layer 1 of im-
ages, layer 2 of features, layer 3 of gesture elements, and
layer 4 of gestures. The three decision layers are the de-
cision processes between neighboring description layers
[10]. With the layers going up, the abstraction of infor-
mation contained in each description layer increases. The
layered architecture for gesture analysis aims to accom-
modate the diversity of gestures as well as achieve effi-
cient recognition in a multi-camera network. \We propose
a classification for passive gestures as follows:

Static gestures, such as standing, sitting, lying;
Dynamic gestures, such as waving arms, jumping;
Interactions with other people, such as chatting;

I nteractionswith the environment, such as dropping
or picking up objects.

The layered structure introduces flexibility to decompose
manifold gestures into common gesture elements, which
can be obtained through image featuresin a universal way
irrespective of the specific gesture. Components of the
layers can be adapted to different gesture subsets.
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The collaborative decision process employsfusion of sm-
ple features within a single camera and active collabo-
ration between multiple cameras in the decision making
process. By employing different levels of collaboration,
the opportunistic feature fusion approach offers the po-
tential to address gesture recognition problems more effi-
ciently and accurately. Specifically, segmentation is ob-
tained from each cameraas features, and our current work
includes the design of ahuman body model and the mech-
anism to incorporate information from multi-view cam-
eras as well as temporal updates. The derived model and
gestures may again provide feedback to single cameras
for a better directed early vision analysis. The concepts
areshownin Fig. 2.

3. IMAGE SEGMENTATION FOR GESTURE

ANALYSIS

Image segmentation for human body partsisacrucial step
for gestureanalysis. Although some gestures such aswalk-
ing and falling can be detected through global attributes
such as motion and silhouettes, detailed analysis requires
appearance, position and motion of body parts interest-
ing to the gesture. Image segments are effective repre-
sentations from image observation to semantic gesturein-
terpretations, as components in gesture elements layer in
Fig. 1. One advantage of employing image segments as
intermediate analysis outputs is their succinct data rep-
resentation. This alows for efficient data exchange be-
tween cameras since segment descriptions contain small
data amounts while carrying key information about the
observed object. Another advantage of such a sketchy
image representation instead of raw image recording or
transmission is privacy protection regquired by many ap-
plications such as smart home care.

The problem setting of image segmentation for gesture
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Figure 2: Human body part segmentation in the setting of
collaborative gesture analysis.
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Figure 3: Opportunistic fusion of features. Estimates of
color-based segmentation and motion flow are used to re-
fine one another.

analysis is different from that of general image segmen-
tation techniques. First, since the aim is specific, i.e., to
segment persons in the image, the other objects are nor-
mally treated equally as background. Second, multiple
features are available from image sequences and oppor-
tunistic fusion of them may greatly increase accuracy and
efficiency of the segmentation process. Many generic im-
age segmentation techniques based on acertainimage fea
ture have been proposed, and some produce good results at
rather high computational complexity levels. However, in
many situations it is difficult to obtain sufficient descrip-
tions from images based only on one feature. Different
image features complement each other based on attributes
of the object of interest. For gestures, motion vectors ob-
tained from optical flow anaysis contain much informa-
tion about body parts. Color is another important feature
representing the appearance of the person. In this paper
we propose a method for effective combining of these two
vision-based features to obtain body part segments. This
is conceptually shownin Fig. 3.
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Figure 4. Algorithm flowchart of body part segmentation
using color and optical flow information.

3.1. FeatureFusionin A Single Camera

The two features used in single camera feature fusion are
optical flow and color information. Motion is usualy a
distinctive attribute in human gestures, therefore optical
flow fields are used as one feature for segmentation. The
advantage of using motion is that in indoor environments
motion isareliablefeature to detect human activities most
of the time, and the strength, direction and distribution
of optical flow fields help distinguish body parts and ges-
tures. But in situations where parts of the body stay till,
motion in the image only gives partial information about
the person. Color isalso generally used for image segmen-
tation. Since the appearance of the person rarely changes
abruptly, color can be used to detect and keep track of
the person. However, the person can be camouflaged with
similar colors in the background. To remedy the weak-
nesses of both features, motion and color can be used to
complement each other (Fig.5) . While each of them may
reveal part of the person, after combinationin proper ways
they can yield a better silhouette. The agorithm'’s flow-
chartisshownin Fig. 4.

First, optical flow computation and background subtrac-
tion are applied to the origina image sequence. Optical
flow is detected for a selected set of image features. Har-
ris corners are detected as feature points, and then itera
tive Lucas-Kanade optical flow agorithm is applied in a
pyramid on the feature points. The output motion vectors
arefurther filtered to remove background noise with small
magnitude and foreground outliers with large magnitude.
Background subtraction is direct and the thresholded out-
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Figure 5: Feature fusion segmentation for body parts. (&) Original image. (b) Background subtraction. (c) Optical flow.
(d) Watershed segmentation for foreground, using markers obtained from (b) and (c). (€) Foreground K-means clustering
based on color. (f) Ellipsoid representation of body part segments, with average color and motion vector for each segment.

put is aso filtered to remove outliers.

Second, the results of optical flow and background sub-
traction are used to generate markers for the watershed
algorithm that separates the person from the background.
The markers are preferably to cover as much of the per-
son as possible, but usually motion or color alone would
only give part of the person’s silhouette. So we combine
markers from both methods and then apply the watershed
algorithm on the joint markers. There are two advantages
of using the watershed algorithm. Oneis that it yields a
single region for the person’s silhouette. The other is that
it is less sensitive to clusters in the background since the
initial markers in the background prevent foreground re-
gion from growing too much.

After the person’s silhouette is located, it is segmented
by K-means clustering based on color. Since the cluster-
ing processonly considers color without |ocation informa-
tion, cluster labels for pixels are put back into the image
to find spatially connected regions, which will indicatethe
body parts. Usually five or six largest regions suffice for
a meaningful interpretation of body parts. Then ellipse
fitting is applied to each segment, and average color and
average motion vector are calculated as segment descrip-
tors.

In Fig. 5 an example is shown to illustrate the different
steps of the algorithm and the complementary roles of
color and motion in the segmentation process. Fig. 5(a)
is the original image, showing the person doing some ex-
ercise. Blue areas in Fig. 5(b) show the result of back-
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ground subtraction. The shirt is missing after background
subtraction since it has a white color similar to the wall.
Blue arrows in Fig. 5(c) are optica flows, from which
the arms and part of the shirt can be detected since they
are moving, while other parts of the body remain till.
Results from Fig. 5(b) and (c) generate markers for the
foreground (the person’s silhouette), while markers for
the background can be simply taken as the bounding box
which covers both optical flows and foreground segments
from (b). The watershed image segmentation algorithm
yields a connected silhouette as shown in Fig. 5(d), which
delineates better contoursthan each of theindividua meth-
odsin (b) and (c). Because of the region continuity forced
by the algorithm, some regions in the silhouette which
cannot be recognized as foregroundin (b) and (c) are con-
nected to the foreground by the watershed, aslong as some
of their near neighborhoods are marked as foreground. In
Fig. 5(e) K-means clustering on the foregroundis applied,
and large regions are marked as interesting body parts. In
Fig. 5(f), the best-fit ellipse, average color and average
motion vector are calculated for each region.
Moreexamplesfrom different scenariosare showninFig. 6.
The images are segmented using the method described in
this section, and the resulting body part segment descrip-
tions can be used as the basis for further gesture analysis.
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Figure 6: Examples of body part segmentation in gesture
analysis. (a) exercise. (b), (c) walking.

4. CONCLUSION

An image segmentation algorithm for human body parts
is proposed based on opportunistic fusion of features in
image sequences. This algorithm acts as an intermedi-
ate step for gesture analysis in camera networks. A lay-
ered and collaborative architecture was proposed for a-
gorithm design in camera networks. A segmentation al-
gorithm based on both motion and color information was
introduced. The method combines results from these two
features to initiate markers for a watershed algorithm to
segment the person’s silhouette from background. A K-
means clustering scheme was proposed for body part seg-
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mentation within the silhouette. Examplesillustrated com-
plementary effects of different features and segmentation
results. Potentials and future work in feature fusion be-
tween multiple cameras were al so discussed.
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