Abstract

This paper proposes a real time method Jor detecting
multiple moving persons and labeling their body parts. This
method is characterized by simplicity in realization and
g00d accuracy in detecting body parts of moving person-
8. Three procedures are included when using this method:
detecting moving regions, Jinding out faces and torsos, de-
lecting legs. Several innovative techniques are employed
through the whole detecting process. An adaptive threshold
Selection technique is utilized to binarize the edge-difference
image. Also a fast and effective Line-Scan Clustering(LSC)
algorithm is developed to carry out tasks of removing noise
and locating moving regions simultaneously. In detecting
legs an accumulated histogram, which is obtained by adding
logether a sequence of bounding boxes of leg regions, is used
lodetermine the color of legs. Using these novel techniques
Justand accurate detection and labeling of moving persons
llas been achieved. In order to testify the proposed method
Ugreat number of experiments have been conducted and ex-
cellent results are obtained.

- Keywords: real time vision, detecting and labeling of hu-
nan body, motion segmentation, image subtraction, cluster-
ing analysis, accumulated histogram.

; Introduction

- Detecting and tracking of whole-body human is very
eful in many practical applications such as indoor scene
unveillance, virtual reality interfaces and traffic manage-
lent. Labeling of the body parts can be employed to in-
pret and recognize activities of human.

- Upto today many algorithms have been developed. One
tlass of detecting algorithms can be identified as algorithms
ith modeled background scene, which assumes the cam-
d background are fixed. For example, Ismail Hari-
et al,, [2] present a real time system for detecting
fracking people, W*. They model the background scene
f epresenting each pixel by three values: its minimum
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and maximum intensity values, the maximum intensity d-
ifference between consecutive frames observed during this
training period. These values are estimated over several sec-
onds of video and are updated periodically for those parts
of the scene that W* determines to contain no foreground
objects. Christopher Richard, et al., [11] describe a sys-
tem for detecting and tracking a person, P finder. They
model the scene surrounding the human as a texture surface;
each point on the texture surface is associated with a mean
color value and a distribution about that mean. The color
distribution of each pixel is modeled with the Gaussian de-
scribed by a full covariance matrix. To accomplish learning
the scene before locating people in a scene P finder begins
by acquiring a sequence of video frames that do not contain
a person. Typically this sequence is relatively long, a sec-
ond or more. P finder assumes there is a single person in
the image. Another class of detecting algorithms are mainly
based on the evaluation of motion information. T. Olson and
F. Brill [7] present a general purpose system for moving ob-
Ject detection and event recognition where moving objects
are detected using change detection and tracked using first-
order prediction and nearest neighbor matching. However,
as soon as there is other motion in the image besides human
beings, this approach has severe difficulties. It is worth to
mention that recently color has been applied to the detecting
and tracking of moving objects. B. Heisele, et al. [3] use
clusters of consistent color to track moving objects. How-
ever, an initial manual labeling step is required. There is
another group of tracking algorithms based on active con-
tours [5], which require the initial contour of the objects
before tracking.

With the ultimate aim of building a complete system of
detecting, tracking multiple moving persons and recogniz-
ing their activities in real time, this paper is concentrated
on detecting moving persons and labeling their body parts,
while tracking and recognizing activities are beyond the s-
cope of this paper. The process of the proposed method in
this paper includes three procedures. First we develop an
improved fast image subtraction method to give the approx-
imate regions of moving objects using two frames. Then
color information is used to detect the face and torso within
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these regions. Finally Legs are found out through analyzing
the accumulated histogram, which is the accumulation of a
sequence of bounding boxes of leg regions.

This paper is organized as follows: Section 2 describes
the location of moving regions. The detection of face, tor-
so and legs are illustrated in Section 3 and 4 respectively.
Experimental results are given in Section 5.

2. Moving region location
2.1. Background

Motion segmentation is a well studied problem in com-
puter vision. There are two popular methods used to extract
moving objects: optical flow computation and image sub-
traction.

The optical flow can be segmented to identify different
moving objects in the image. Two approaches are common-
ly used to compute the disparity map between two frames.
The continuous approach (or gradient approach) uses spatio-
temporal variation following the famous motion constrain-
t equation (1) [4] which states that the intensity I at pix-
el (z,y) at time ¢ should be equal to the intensity at pixel
(z + Az,y + Ay) at time ¢ + At due to the motion of the
pixel during the time interval A,

I(z,y,t) = I(z + Az,y + Ay, t + At) @)
Gradient-based approaches of optical flow computation can
only handle small displacements and are time consuming.
The discrete approach (or feature-based approach) for com-
puting the optical flow consists of matching features extract-
ed from both frames. This technique is equivalent to the
stereo matching technique which has not been solved well.

Another approach for motion segmentation based on im-
age subtraction is very simple. The image subtraction using
three frames [1] can detect only one moving object. We
consider the image ‘subtraction using two frames from an
image-sequence as more than one moving person may oc-
cur in our scenes. After thresholding the difference image
of the two frames, pixels belonging to the static background
should not be extracted. Unfortunately, pixels that belong to
parts of the object that overlap between the two frames will
not be extracted either and the location of the moving objec-
t in both frames will be extracted. Generally the threshold
used in binarizing the difference image is empirically cho-
sen [6] [1], which cannot always obtain good results since
the environment such as lighting condition will vary with
time. Due to inaccurate background compensation and var-
ious kinds of noises, false motion (we call it noise also) oc-
curs in the binary difference image. Morphological filter is
often applied to noise removal, however, its size will greatly
influence the result obtained. Generally, finding a satisfacto-
ry combination of erosion and dilation steps is quite difficult

.
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Figure 1. Moving regions location. (a),(b) Two
continuous frames; (c) Gray difference image;
(d) Edge image; (e) Edge-difference image D;;
(f) and (g) Histogram of the edge-difference
image; (h) Binary edge-difference image; (i)
Bounding bo xof the moving object detected
using LSC on the binary edge-difference image.

and no fixed combination works well. After erosion and di-
lation, the connected component labeling is used to obtain
the connected moving region. However, the target pixels

in the binary difference image cannot be guaranteed to be

connected. In this section we develop an improved, fast im- -
age subtraction method to give the approximate location of
moving objects. :

2.2. IFIS method (Improv ed fast image sub-
traction method) |

The RGB color image is converted to HSI (hue, satura-
tion and intensity ) space. The hue or tone is the pure color
of the light. It is the dominant color we see. Saturation
indicates how much white light is mixed with the color (the"
tint). Saturation of 0 means no color: we see white or gray.
The intensity, which indicates how much total light there
is (the shade). In this part color information is not useful,
so only the intensity image is considered. Firstly the gray
difference image between the previous frame f;_; and the
current frame f; is computed without motion compensation
(if the platform is stationary) or with motion compensation
(if the platform is moving). For example, Fig. 1(a)and (b)
are two continuous frames, Fig. 1(c) is the gray difference”
image of Fig. 1(a) and (b). We can see from the difference
image that the location of the moving object in both frames
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ihighlighted and will be extracted if we detect change di-
tietly from the difference image. In order to extract just the
#lges of the moving object in the current frame we calculate
i edge image (using Soble edge detector) of the current
fame f,. Fig. 1(d) is the edge image of Fig. 1(b). Then we
miltiply the gray difference image and the gray edge image
Jixel by pixel, and the resultant i Image is a new image called
gy edge-difference image, D, . In the gray edge-difference
image D, only the moving edgeb (or the edges of moving
Wbjects) are highlighted which can be seen in Fi 1g. 1(e). The
y edge-difference image, D, needs to be thresholded to
ponly locations of significant change. However, the tra-
itional thresholding techniques [8] [9] [10] cannot give sat-
fory results. In this section, we describe a threshold
lection algorithm to adaptively obtain the threshold in the
gay edge-difference image, D,.

121 Adaptive threshold selection

iithe edge-difference image, D, ( see Fig. 1(e)), we de-
fin¢all the pixels on the edge of the moving objects as fore-
.und pixels. The rest pixels are named background pixels.

bviously in D, (Fi 1g. 1(¢)) the amount of foreground pixels
Stemarkable smaller than that of background pixels, while
liegray level of foreground pixels is much higher compared
lith that of the background pixels. We can also using the
istogram H », of D, to depict these features as follows:

1) In order to make the histogram of Fig. 1(e) be seen
tatly we divide the whole histogram into two partial his-
grams. In these histograms the horizontal axis is the gray
¥el and the vertical axis represents the number of points.

g I(f) shows the partial histogram within the interval [0
) Fig. 1(g) is the partial histogram within the interval
370] where the vertical coordinate is exaggerated. We do
il draw the histogram after the gray level 70 because the
imber of points is nearly to 0.

2) The highest peak P, in Fig. 1(f) corresponds to the
tkground pixels because most of pixels in the gray edge-
flerence image (Fig. 1(e)) are background pixels. In Fig.
{)the highest peak P,,, exceeds the given coordinate limi-
lon of the vertical axis.

) The foreground pixels must distribute on the right side
theright valley V,, of peak P,, (see Fig. 1(g)).

4) The narrower and lower peak such as peak P, in
1(g) 18 normally formed due to noise or external dis-
bances and should not be considered.

Two close peaks such as Py, and Py, in Fig. 1(g) can
eated as one peak.

":accordance with the features listed above we can find
the threshold for binarizing the edge-difference image,

Jfrom the histogram. Firstly the histogram is smoothed
iat the narrower and lower peak will be removed and
lose peaks will be combined. Secondly from all the

(5on the right side of the valley V;,, we find out the first
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Figure 2. Simulated binary image and base class.
(a) A simulated binary image; (b) A base class
can be described as a ho rizontalline with the
start point S(i, j;) and terminal point E(i, j.).

peak, Py (after smoothing of the histogram the peak P, is
removed and the two peaks Py and Py, are combined into
one peak Pr). Finally we obtain the left valley V; of the
peak Py. The gray level corresponding to the valley V;is
selected as the threshold.

The gray edge-difference image, D., is binarized using
the threshold and the product is a binary edge-difference im-
age. The binary edge-difference image of Fig. 1(e) is shown
in Fig. 1(h). Due to inaccurate background compensation
and various kinds of noises, false motion (we call it noise al-
$0) occurs in the binary edge-difference image. Morpholog-
ical filter is often applied to noise removal, however, its size
will greatly influence the result obtained. Generally, finding
a satisfactory combination of erosion and dilation steps is
quite difficult and no fixed combination works well. More-
over erosion and dilation are time consuming. After noise
removal the connected component labeling is used to obtain
the connected moving region. However, the foreground pix-
els in the binary edge-difference image is not guaranteed to
be connected. Here a fast and effective Line-Scan Cluster-
ing(LSC) algorithm is presented to carry out tasks of remov-
ing noise and locating moving regions simultaneously.

2.2.2 LSC algorithms
A) Basic ideas

We use the Euclidean distance as the similarity measure. A
class isrepresented as a set of target points in a binary image.
For any point in one class, at least one point in the same
class can be found and the Euclidean distance between them
is less than a given distance threshold, ;. We find some
particular properties in a binary image and take them into
consideration in the algorithm designing. Fig. 2(a) draws a
simulated binary image where a “+” indicates a target point.
We investigate the following properties in binary images:
(1) In one row, continuous neighboring target points

189



must belong to the same class. These points should be con-
sidered as a unit in clustering. We define such a unit as a
base class. In other words, a base class C is a sequence of
“+”-pixels (po, p1, - - - » Pn) Where all p; have the same row
coordinate and p; is a neighbor of p;_; fori =1, ---, n.

For example, the first five “+” points in the first row of
Fig. 2(a) are a base class. Thus a base class can be de-
scribed as a horizontal line with the start point S(4, j5) and
terminal point F(i, j.) where i, j; and j. indicate the row
coordinate, the column coordinate of the start point and the
terminal point of this base class, respectively (referred to
Fig. 2(b)). We employ a base class as a minimum unit in
clustering.

(2) When a base class (S(i, js), E(i, je)) is obtained,
we need to determine whether it can merge with other previ-
ous classes. If the distance threshold is 0, then only those
previous classes which contain at least one point whose col-
umn coordinate falls into the interval [j; — 0, j. + 01| need
to be considered. We call this limitation as inter — column
limitation.

Because if no such points exist in the previous class, the
minimum inter-column distance between the base class and
the previous class is larger than 0z, the Euclidean distance
between them is surely larger than dy. The reason is as
follows:

if no such points exist in the previous class, for any a
point P(x,y) in the previous class, its column coordinate y
will be:

@

The Euclidean distance § between P(z,y) and any a
point () (4, 7) in the base class is:

Yy<j1=js—O0mory>js=je+0n.

§=[IP-Qll=V{-y?+(i-22 €))

Since ((i,7) belongs to the base class (S(i,7s),
E(i,j.)), j will be:

@

From equation 2 and 4 we can derive that |j — y| > 0q.
From equation 3 we know § > dp, which means the dis-
tance between a base class and a previous class which does
not satisfy the inter — column limitation will be greater
than 6. Hence when checking whether a base class can
merge with other previous classes, we do not need check the
previous class which does not satisfy the inter — column
limitation.

Moreover, not all the previous classes which satisfy
inter — column limitation must be checked, but on-
ly the class which lately visits the j — th column where

Js S J < Je-

j € [js — Om,Jje + 0p) needs to be checked. That is be-
cause the inter-row distance between this previous class and
the base class is the minimum and the Euclidean distance
between them is the minimum. We call this limitation s
lately — visiting limitation. ]
(3) Even a previous class satisfies both the inter - i
column limitation and lately — visiting limitation, ot
all the points in this previous class must be involved in the
distance calculation when computing the distance between
the previous class and the base class (S(i, js), E(i, je)): If‘
we set p = j, — 0H, ¢ = je + du, only points of the pre--
vious class fall into the set X where X = {(z;,z;)|z; €
[p, g], z; is the row coordinate of the base class that visits
the column z; lately }, will be considered, because the inter-
column distance between the bass class and the point in the
previous class not in X is larger than d. ‘
Since a base class can be described as a horizontal line
the computing of the distance between a point and a base
class can be simplified as a Euclidean distance of two points
by virtue of the following definition (referred to Fig. 2(b)): -
Definition: The distance, &, between a point z(;,2j)
and a base class (S(i, js), E(, je)) can be expressed as:

1S —all = /(s —22)2 + G-z iflz; < ol
HE = 'E” = \/(je &h z_i)2 + (7' o -731')2 1f(:1‘7 = jz)’
| — x4 otherwise.

©)

J =

B) Algorithm description

Before describing LSC algorithm we introduce two data
structures. These data structures help us to implement this
algorithm. The data structure of a base class C called
BASECLASS is represented as a 5-tuple consisting the.
fields BEGINX, BEGINY, ENDY, LABEL, and COUNT.
BEGINX(C)is the row coordinate of C. BEGINY(C) is the
column coordinate of the start point of C while ENDY(C):
is the column coordinate of the terminal point of C. LA-
BEL(C) contains the class label of C. COUNT(C) record-
s the number of points in C. In order to make the class-
es merging operation easier and record the classes informa-
tion more convenicnt, we add another 5 fields into the struc-
ture of BASECLASS, they are TAG, BRANCH, PAREN-
T, LEFTSON, and RIGHTSIB. Therefore a class not onlya
base class can be represented by this structure. In fact, a
class constitutes a tree on which each node is represented by
a BASECLASS. TAG(C) indicates whether the node C iS‘!
the root of the tree where node C locates. If C is the root
TAG(C) is set to 't' otherwise ' f’. BRANCH(C) accumu-
lates the number of nodes in tree C. PARENT(C), LEFT-
SON(C) and RIGHTSIB(C) indicate the parent, left sonand
right sibling of C respectively.
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Another very simple but important data structure we
introduced is ColumnArray which contains two field-
5. RowCoordinate and ClassLabel. We define a
Column Array type array vol which is an array as large
# the width of the binary image. For wol[j], the ficld
of RowCoordinate records the row coordinate of the
class that lately visits the 5 — ¢h column and the field of
ClassLabel records the label of the class that lately visits
the j — th column.

LSC algorithm scans the image only once, and it merges
tlasses whenever their distance is less than or equal to oy
and no repeated merging operation is done. This feature
geeatly reduces the running time of the clustering algorithm.
How to do that?

First, the label of each node C in a class is referred to
label of the root of the tree where node C locates. When
(etermining whether two classes belong to the same class
oot LSC compares the labels of the roots of these two
classes. Hence there will not be any confusion in the labels
of different base classes or classes.

Second, when merging two classes LSC algorithm will
theck the branches of the trees corresponding to these t-
Wo classes and merge the tree with less branches into the
iiee with more branches. This will avoid producing unstable
flv-vn and will reduce the time of tree searching.

Now LSC algorithm can be described as follows:

Step 1: Let a variable, kindnum, represent the label of
lte current base class and set kindnum = 0.
 Step 2: Scan the image row by row to yield the current
use class (S(i, js), E(i, je)) and give it a temporal class
bel TempLabel with initial value kindnum.
QD 3: Take a point z; ( x; € X =
(RowCoordinate(vol[j]),j) | 7 € [p,q] where p =
= 01,9 = je + 6y } and calculate the distance, §, be-
ieen 7; and the current base class by Eq. (5). If § < 4y,
erge the current base class (or the current class if the cur-
fithase class has been merged into a previous class ) with
;yrevious class and modify T'empLabel accordingly.
Stepd: Let X — z; — X. If X # (), then go to step 3.
Step 5: Modify corresponding contents of the record ar-
Y u0l, according to the label of the current base class, and
¢tolumn and row coordinates that the current base class
ns. If the current base class cannot be merged into any
vious class (T'empLabel = kindnum), then the current
e class is a new class, set its class label be TempLabel,
dupdate kindnum, namely, kindnum = kindnum + 1.
Step 6: If the image scanning is finished, then the algo-
1S over; else go to step 2.
LSC algorithm not only produces the number of class-
lutomatically but also saves considerable computational
because it scans the whole image only once. Also the
it class, not the single point, is considered as the mini-
nunit when clustering.
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Performing LSC on Fig. 1(h) one moving region is de-
tected and its bounding box is shown in Fig. 1(i).

3. Face and torso detection

The bounding box of the moving region gives us the
approximate location of the moving object. Especially if
the image sequence is acquired by a moving platform, the
camera motion must be compensated in advance. However,
motion compensation using an affine or perspective mod-
el is not error free and includes false motion in the edge-
difference image, thus the bounding box will be bigger than
the actual bounding box of the moving person. In order to
determine whether the moving object is a person and detect
more accurate information of the person we use color to de-
tect the face in the bounding box of the moving object since
color is an important feature of human skin. Once a face
is located in the bounding box, a person is verified present;
otherwise it will not be considered any more.

3.1. Color model

We want a color model to detect skin color pixels in a
changing environment. Processing color is relatively robust
to changes in viewpoint, scale, shading, and distinguishes
relatively well in complex (cluttered) backgrounds. How-
ever, the color of a face is influenced by many factors such
as ambient light, clothes, noise, object movement, camera
and others. Even under the same lighting conditions, back-
ground colors such as colored clothes may influence skin-
color appearance. Moreover, human skin color differs from
person to person. Therefore most color-based systems are
sensitive to changes in viewing environment. The gener-
al color models, such as r-g and CIE-xy, need two prima-
ry color components to describe one color, which mean-
s two variants must be controlled simultaneously. We se-
lect the HST color space because “hue” means color and
“hue” itself can be used to describe one color. For instance
“hue = 60°” is representative of “yellow” color. The vary-
ing range of “hue” of skin color can be estimated in dif-
ferent environments when assuming the natural color of the
skin is fixed. For example, the skin of Chinese descent can
be identified with a natural color of “yellow” even though
the saturation of “yellow” may vary within a relatively wide
range. Hence we describe the face color distribution by a
one-dimension Gaussian model N(u,3%), where y and (32
represent the mean value and variance of “hue” respective-
ly. For a pixel ¢ with value hue; the Mahalanobis distance
from hue; to p is defined as

Dy,? = (hue; — p)* /82 (6)

The larger D, is, the lower the probability that the pixel be-
longs to the skin color. Equation (6) can be used to identify
skin-colored pixels.
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(a)

Figure 3. F ace and torso detection. (a) Skin-
colo r labeling on one fifth of the bounding ba
of the moving region; (b) Smoothed histogram
of a rectangle region R, on the torso; (c) De-
tected face and torso.

Such a color model can be built up from a set of face
images. In order to detect the skin-color pixels in a changing
environment, we reset 3 to a higher value, ;. We detect
skin-color pixels using this color model on one fifth of the
region of the bounding box of the moving region. Fig. 3(a)
is a skin-color labeled region where white pixel means skin-
color pixel.

3.2. F acedetection and torso detection

LSC algorithm is performed on the skin-color labeled re-
gion. Clusters with a certain number of points greater than
a given value are taken as face candidates. Since faces in
image sequences are often small, we cannot use facial fea-
tures such as the eyes, nose and mouth to identify the face.
We use the shape features to further verify the face. Let [
and [, represent the length and width of the bounding rect-
angle of the face candidate, respectively. The face should
satisfy the two limitations: 1)The ratio (I, /I2) is in a prede-
fined range; 2)The ratio (area/(l1 x l3)) is greater than a
given value. Although these are not adequate to verify that
a skin-colored region is a face, in real world there is little
chance that a moving object with a skin-colored face in the
head position is not a person.

Once a face is detected we try to detect the torso in the
region below the face of the bounding box of the moving re-
gion. Assuming the color of a person’s clothes is normally
distributed, we select a rectangle region R, on torso (R lo-
cates in the position just a little lower than the face, its width
is the same as the face and its height is one half the height
of the face, which guarantees that R, is within the real torso
region) and analyze its histogram to locate the whole torso.
The maximum peak of the histogram represents the color of
the torso region. So the torso can be detected. The histogram
(smoothed with a Gaussian mask) of the small rectangle re-
gion on the torso in the moving region of Fig. 1(1) is shown
in Fig. 3(b). Fig. 3(c) draws the detected face and torso.

4. Legs detection

)

(d) (e) U} ©

Figure 4. Legs detection. (1)~(5) Sequence of
moving leg regions; (a)~(e) Sequence of his-
tograms of moving leg regions; (f) Accumulated
histogram; (g) Detected legs.

This section will be focused on the detection of legs
which is very useful in the recognition of human activities.
Once the face, torso and the bounding box of a moving per=
son are detected, the bounding box of the leg region of the
moving person is easily determined by a simple subtraction.
Hence we can obtain a sequence of bounding boxes of leg
regions in the image sequence. For example, Fig. 4(1)~(5)
show a sequence of moving leg regions. The histogram for
each frame is calculated and shown in Fig. 4(a)~(e). In
most of frames of leg regions, legs are the main parts a§
shown in Fig. 4 (1)~(4). Form the histograms of Fig. 4
(a)~(d), there are prominent peaks representing the leg e
gion, which are higher than the other peaks caused by back-
ground. This feature is deduced from the view of the wholeljiI
sequence of moving legs. However in some images, for i
stance Fig. 4(5) and corresponding histogram Fig. 4(e), leg:
region is not the dominant and its corresponding peak is not
as significant. Thus we cannot use only one image to find
out the leg region. When adding all the histograms of the
sequence an accumulated histogram is obtained as shownin
Fig. 4(f). In the accumulated histogram, the peak represent-
ing the leg region is much higher than the other peaks caused
by the background. This is because of two reasons:

1) Within the sequence, the color of legs is rigid andis"
relatively constant and its occurrence rate accumulated sta-
bly while the background in the bounding box keeps chang-
ing in every sequential image and the corresponding accu-
mulation is therefore relatively weak;
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2) The accumulated histogram reflects the feature of the
whole sequence of images.

The prominent peak in the accumulated histogram rep-
tsents the color of the leg region. So legs can be detected.
fig. 4(g) draws the detected legs.

5. Experimental results

(O]

Figure 5. Detecting and labeling of human body
example 1. (a),(b) Two continuous frames; (c)
Binary edge-difference image; (d) Moving re-
gions detected; (e) Faces and torsos of moving
persons detected.

Our current application background is the indoor moving
Jerson surveillance. We have tested the proposed method on
agreat number of indoor color image sequences. The reso-
lition of the color image is 320x240. The method is imple-
mented in visual C++ and the running time is about 30 ms
aPentiumITI(500MHZ) PC. Here we give two typical ex-
amples. Fig. 5 shows an example of detecting moving per-
Aons from two continuous frames Fig. 5(a) and (b), where
liere are two moving persons and one moving robot which is
tolled by the moving man. Fig. 5(c) is the bianry edge-
erence image. Performing LSC algorithm on Fig. 5(c)

moving objects are detected and the bounding boxes
ifthem are shown in Fig. 5(d). After face detection only
i0 persons are detected and the detected faces and torsos
eshown in Fig. 5(e). Fig. 6 shows another example of de-
tling two walking persons in a sequence, where Fig. 6(a)
d (b) are the first two frames of the sequence, Fig. 6(c)
lows the detected persons from the two continuous frames
their legs cannot be detected now. Fig. 6(d) ~ Fig. 6(f)
{ethe detecting result in the fifth, eighth and tenth frames.
the fifth frame (Fig. 6(d)) the legs of the left person are
tected, while the legs of the right person are detected until
cighth frame (Fig. 6(e)). In the tenth frame (Fig. 6(9)
W0 persons meet, however they can be detected because
feare two faces detected in the moving region.

‘The experimental results are very inspiring. Some false
{Ecting results are caused by the skin-colored object ex-
g in the background which is included in the bounding
(of moving regions. We hope to develop more powerful
tlocation technique to reduce the rate of false detection.

@) (b) ()

(@ () ®

Figure 6. Detecting and labeling of human body
example Il. (a),(b) First tw oframes in the se-
quence; (c) Moving persons detected in the sec-
ond frame; (d) Moving persons detected in the
fifth frame; (e) Moving persons detected in the
eighth frame; (f) Moving persons detected in
the tenth frame.

6. Conclusions and future work

We have proposed a real time method for detecting and
labeling of multiple moving persons. The experimental re-
sults are very satisfying since the face, torso and leg region
are accurately detected. The future work will be centered on
tracking multiple persons and recognizing their activities.
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