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Abstract

lis paper describes a system for real-time multiple hu-
ltacking in an unconstrained environment using a sin-
tlor camera. The use of multiple cues ( motion, fig-
ud color) is able to constrain, assist and complement
uther in @ complicated tracking process and environ-
 The background is retrieved and adapted dynami-
\ising a pixel-wise statistical model while the moving
s are detected, without obtaining the background in
Ice. Figure and color models are integrated with the
ion information to extract and track the geometric and
llfeatures of the human body across a sequence of im-
Figure model is able to discriminate the human body
ither moving objects and define a stable region as the
leric feature. Color model of the human’s clothes is
ed automatically and used as one of the cues in the
g process with multiple persons. The results based
ietwo models are combined to make the decision in
bject correspondence procedure. Experimental results
Sown the effectiveness and efficacy of the system in a
iie environment.

words: Human tracking, model-based, background
ial, motion segmentation.

bust human tracking is a prerequisite for automatic
lysurveillance system, face recognition, motion anal-
livanced user interface, model-based coding and vir-
dity. There are a considerable amount of research
[11,1,4, 2, 5, 9] about human detection and track-
lhepast few years. "Pfinder” [11] detects and tracks a
liman body in a static background using a set of 2D
 Which are described by the spatial (z,y) and color
¥)Gaussian distributions over the pixels they consist
semodels typically correspond to the person’s hand-
Ieet, shirt, and pants. The background is described
an distribution pixel by pixel in terms of color

values, and it is trained in advance without any foreground
occlusion. [1, 4] are multiple human tracking systems that
focus on the movement of the whole human body using a
monochromatic camera. Figure model of the human body
is used to recognize and track parts of body. On the other
hand, [5, 9] proposed a color-based human tracking system-
s. Color does not change significantly with camera move-
ment, and it can provide some robustness with respect to
occlusion. However this method requires appropriate col-
or initialization, where the object’s color has to be defined
manually. In addition, the constraint of distinguishing color
between the objects and the background is required. Each
of the above single-cue(motion, figure or color) based hu-
man tracking system tends to work well over a limited range
of conditions, but often fail when exposed to a "real world”
environment.

In this paper, we describe a multiple human tracking sys-
tem with a static color camera. This system integrates mul-
tiple cues of motion, figure and color to handle the occlu-
sion, abrupt change of the direction of movement and other
complicated issues in the tracking process. The background
is retrieved and adapted dynamically using a pixel-wise sta-
tistical model while the moving regions are detected frame
by frame and adapted with the changing environment. A
simple figure model is adopted to discriminate the human
being from other moving objects and describe the moving
region that corresponds to the human body. Skin color mod-
elis used to detect a person and automatically locate a sam-
ple region that can be used for the training of the clothes
color model. The clothes color model is established and
trained on-line when the person appears and used as one
of the cues in the tracking process. The results of color
model and figure model are integrated to establish object
correspondences across the sequence of continuous images,
especially in complicated situations when the singular use
of any of the cues fails. Our work is similar to that work of
Darrell et al. [2], which uses stereo, skin color and facial
pattern to detect and track a head model. Tt needs special
hardware for the range data and it can only track the head
with frontal gesture.
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The remainder of this paper is arranged as follows. Sec-
tion 2 describes the technique for moving region detection.
Section 3 introduces the figure model and geometric feature
extraction. Section 4 reviews the color model, color model
initialization, prediction and adaptation. Section 5 describes
a tracking system based on motion, figure and color cues.
Finally, conclusions are drawn in section 6.

2. Moving Region Detection

The initial stage of tracking is the detection of the mov-
ing objects. Generally, there are three motion-based ap-
proaches for moving object detection in a still background,
namely, temporal difference [1], optical flow [8] and back-
ground subtraction [4]. The background subtraction ap-
proach provides the best results when compared with the
other two methods, in terms of the computational require-
ments and the information they can provide. However there
may be situations where no clean background is available
in advance. For a continuous tracking system, the back-
ground is not always the same. It changes with illumina-
tion and scene content. An assumed invariable background
with simple threshold for the foreground detection is thus
not suitable.

Figure 1. (a) The No.75 frame of a image sequence
with image resolution of 320 x 240, which depicts a
person roaming in the laboratory. (b) the distribu-
tion of intensity values for pixel (80, 80) over 200
frames, where the background is covered repeat-
edly by clothes of the person. (c) the distribution of
intensity values for pixel (90, 190) over 200 frames,
where the background is covered repeatedly by the
shoes, pants and shadow.

Here we do not assume that the background is obtained a
priori. Each pixel is modeled as an independent statistical
process [3], a mixture of Gaussians. Each Gaussian corre-
sponds to the distribution of background, shadow, and dif-
ferent moving objects covering this pixel over time. Refer-
ring to Figure 1, (a) shows one frame of a sequential of 200
images, with resolution of 320 x 240, which depict a person
roaming in the laboratory. (b) shows the distribution of in-
tensity values for pixel (80, 80) over 200 frames, where the

background is covered repeatedly by the clothes of that per-
son. The distribution with a higher frequency on the right
most is of the background, the left most one comes from
the images of the person’s clothes. (c) shows the distribu-
tion of intensity values for pixel (90, 190) over 200 frames,
where the background is covered repeatedly by the shoes,
pants and shadow. The distribution with a higher frequency
on the right most is of the background, and the other distri-
bution corresponds to the person’s shoes, pants and shadow
moving past the pixel along the image sequence. The distri-
butions are different from pixel to pixel and can be fitted by
multiple Gaussians which compose the Gaussian mixture
model of each pixel. Each pixel is represented by a color
vector', V. = [H, S, I]". Assuming there are ¢ Gaussian
distributions for a pixel (z,y), the model is parameterized

by the parameter set ©; = {w;, pi, 2i : ¢ € (1,...,0)},
and the Gaussian mixture is
C
p(V) = > wiN(V;pi, %) i)
i=1

and

iw,; =0 2)
i=1

where c is the number of the Gaussian distributions, w, j;,
¥; are the weight, mean vector and covariance matrix of the
i** Gaussian in the mixture model respectively. The proba-
bility density function of the i** Gaussian N (V; p;, ;) is
described as

! e 3(V=n) TS (Vi) 3)

NV, ) = ——— e
(V5 i, 2) PREIHE

where n is the dimension of the vector V .

The parameters O; of the Gaussian mixture model to-
gether with the number ¢ of the Gaussian distributions can
be obtained on-line using the first few frames. A divisive
vector quantization [10] is chosen to approximately esti-
mate the parameters of the model for each pixel instead
of EM algorithm [3] in consideration of computational re-
quirement. The input data V() is compared with each @;,
the best-matching Gaussian with parameter ©,, is adapted
using a constant learning rate €[12]. and the parameters
{0;,7 # w} of other Gaussians are left unchanged except
the weights. Each weight of the Gaussian should be adapted
to meet the demand of Equation (2).

wit) = (1 = e)wi(t — 1) + € - Mi(t) @

pi(t) = (1 —e)pi(t — 1) + V() §)

lIn consideration of the changing illumination and shadow, we choose
the HSI color space and use the component hue and saturation of the HSI
in the procedure of moving region segmentation.
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(6)

i, M;(t) is a binary value describing the winning
Issian at time ¢. For the winning Gaussian, M,(t) = 1,
Wise, M;(t) = 0. e is the learning rate and 0 < ¢ < 1.

lihere is no Gaussian that can best-match the input data
ik variance of the input data is greater than a thresh-
\inew Gaussian is added with higher variance, and the
Iequals the vector value of that input data. The Gaus-
Withthe weight lower than a threshold in some duration
e discarded. The weights of all Gaussians are changed
gly.

co ding to Friedman and Russell [3], the variance
k& background should be smaller than others, and the
it should be stable in the sequence. Here we select
isribution with the highest w; /1%i] as the background.
kel value that does not belong to the background dis-
lon will be regarded as the foreground.

e 2. Background retrieval, adaptation and
Ig region segmentation.

2 shows the experimental results of background
ddaptation and moving region segmentation. (a)-
e images of a sequential of 600 images. While
1500S are roaming in the laboratory, a box ( point-
amow ) is brought into the scene and becomes
background. As shown in (d)-no box, and (e)-
Fbox, the background is retrieved and adapted
acking procedure. At the same time, foreground
“’detected. (f)-(h) show the corresponding seg-
tground regions(compare with (a)-(c)).

l)=(1-e)Z;(t — 1) + (V1) - 1i()"(V(t) - pi(t)) 3 Figure Model and Geometric Feature Ex-

traction

The result of the foreground detection is a binary image.
In practice, this binary segmentation is not perfect. It may
be attributed to several reasons: Firstly, if the colors of the
foreground and the background are similar, the foreground
will be regarded as a part of the background and cannot be
detected. Secondly, there will be some corruption due to
sensor noise. Morphological operations such as erosion and
dilation with structure elements are applied to remove small
regions in the background and fill in small holes in the fore-
ground region. Connected component labeling algorithm
[6] is used to group pixels according to their spatial rela-
tionship and label the different regions.

The human body is an articulated object. Due to the peri-
odic motion of the upper and lower limbs, the whole region
that represents the human body will not be stable in contin-
uous images. We regard the torso region as more stable than
the other parts of the human body. The centroid and bound-
ing box of the torso are extracted as geometric features for
the purpose of tracking. Figure 3(a) describes the simple
figure model of the human body. As a coarse discrimina-
tion criterion, the ratio of the height to width of the whole
body should be greater than 2. The centroid and the bound-
ing box are represented in terms of the first and second or-
der moments [7]. However, the bounding box of the upper
body should be further refined by analyzing the statistics of
the upper region’s vertical projection histogram due to the
swing of upper limbs, as illustrated in Figure 3(b). The top
row of Figure 4 shows the the bounding boxes of the human
torso without refinement. The width of the bounding box
and the centroid of the torso are affected by the upper swing
limbs. The bottom row of Figure 4 shows the bounding box
after refinement.

sample region

on

HIs SO region
upper
limbs

H,, &

s
‘statistic:

Figure 3. The frontal figure model of human body
and torso region refinement.

4 Color Model and Visual Feature Extraction

Color offers many advantages over geometric informa-
tion for those problems such as robustness under partial oc-
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Figure 4. Top row: the bounding boxes of the tor-
so without refinement. Bottom row: the bounding
boxes after refinement.

clusion, rotation, scale and resolution changes. In addition,
color based tracking can achieve fast computational speed.
So far, the color based human tracking system can be cate-
gorized into two classes. In the first class, skin color model
is used to detect the facial region frame by frame and local-
ize the human head for the purpose of tracking [2]. When
face cannot be found even when the person exists (for ex-
ample, the person turns around and the facial color, pattern
cannot be detected), these systems will fail. In the second
class, the color of the person’s clothes is used as the tracking
cue [5, 9]. These systems usually require appropriate color
initialization where the object’s color has to be defined man-
ually, and the constraint of distinguishing color between the
objects and the background is required. Here we propose
a color based human tracking module that can be initial-
ized automatically and maintain continuous tracking even
when the facial region cannot be detected. This color mod-
el is used to extract the visual features, recognize the objects
and keep on tracking in the tracking process. As illustrated
in Figure 5, the person is tracked without facial detection in
every frame. When self-occlusion happens( Figure 5(b, c)),
it can keep on tracking.

Comparing with the skin color, the clothes color of the
person is more distinguishing for the purpose of tracking.
By the motion constraint, confusion between the object and
background is reduced. When the person first enters the
scene, the human face is detected using the skin color mod-
el and the facial region is constrained within the upper fore-
ground region. (This is a valid assumption for most surveil-
lance systems, where the frontal view is usually available
when a person enters the scene.) The regions with skin col-

Figure 5. The color model based human tracking
with the motion constraint.

or in the background and the regions of the hand will not
be taken into consideration. Sample region of the clothes
is located by using the structure of the human body, as de-
fined in Figure 3(a). The sample regions have the same size
with the face regions and located just below the face. The
data in the sample regions are used to train the clothes color
model. Once trained, the face detection is not required in
subsequent frames and the clothes color model is used as
visual feature to recognize and locate the tracking object.

4.1 Color Model and On-line Model Training

Here we have an assumption that the person’s clothes
have a sufficiently dominant, uniform color. The color
of the clothes can be described using a Gaussian model
N(c,X) , where ¢ = [H,S,I]", H, S and I are the mean
values of the hue, saturation and intensity of the clothes col-
or model respectively, and ¥ is the covariance matrix. The
parameters of the color model are obtained by the sample
data of the frame when the face (skin color) region is de-
tected.

4.2 Large Error Discarding

The defined sample regions are not so accurate that just
fall into the regions of the clothes. There maybe some non-
clothes regions included in the sample regions and these
non-clothes regions are small enough compared with the
clothes regions. For computational consideration, we as-
sume that the hue, saturation and intensity are independent.
The thresholds,H + 30 ,S + 305 and I + 307 , are used
to discard the sample data with large errors. And then the
model parameters are recomputed.

4.3 Color Model Prediction and Adaptation

Hue and saturation are less influenced by illumination
changing. So the skin color model is establish in H.S color -
space. In the clothes color model, intensity is added as one
of the parameters for discriminating the color in some spe- -
cial situations. For example, white and black have the same
hue and saturation but definite opposite intensity. Due tothe
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ination change and the mutual reflection of the objects,
Jarameters of the clothes color model will be changed
flivously in the image sequence, especially when the
s are moving closed to the camera. Prediction and
iation of the model’s parameters are required in the
ibased tracking process. The approximate parameters’
lction and adaptation are as follows,

Cji—1 =€t 1+ (€—1 — ¢ _») @)
ituq i (%) (3)
¢ = (1- )¢y + acy &)
By=(1~ a)itlt—] + a¥y (10)

ere, ¢yji— and 2t|t,] represent the estimated mean
land estimated covariance matrix at time t,c; and X,
kit the adapted mean vector and adapted covariance
,¢; and ¥, represent the measurement mean vector

oider to track the human body across a sequence of
8 the system should not only be able to locate it, but
0find the same person. Kalman filters are chosen for
ipose of multiple human tracking. Geometric fea-
lich as the centroid of the torso, the height and width
10rs0's bounding box and the first order derivatives
ae used as the system state of the Kalman filter.
dhined as s, = [z, y;, wy, hisvxy, vy, vwy, vhy )T,
j are the z— and y— coordinate of the centroid;
Iy are the width and height of the torso’s bound-
K U3y, vy, vw;, vk, are their first order derivatives

0bject correspondence stage, The results of the fig-
tland color model are integrated to decide the lo-

Mages.
lanobis distance D, is used to determine the cor-
e of geometric feature being tracked. The mea-
12 of the object in the current frame is Gaussian
dabout its predicted value Sift—1,

TR A Stj1—1] (11)

where, A, represents the covariance of the error [z, —s, [t—1]-
The locus of points of the given Mahalanobis distance is a
hyper-ellipsoid. The center of this hyper-ellipsoid is the pre-
dictions,),_;. If the measurement of current frame falls into
the hyper-ellipsoid, it is regarded as one of the candidates of
the object being tracked.

The centroid C of the recognized object based on the
color model should have the same coordinates with the cen-
troid C¢ of the torso region based on the figure model. If
the inequalities

Ce<Ca+6 (12)

Dy <y (13)

are satisfied, the correspondence between the region in the
current frame and that being tracked is uniquely decided. &
is the accepted error between C¢ and Cg. v can be ob-
tained from y? distribution table.

Single model based tracking is not robust in complicat-
ed environment. Tracking based only on the color model
will fail when the moving objects are of the same color.
Tracking based only on figure model will have problems as
well. For example, when a person suddenly changes direc-
tion, the motion estimation will provide a wrong prediction
of the motion. Using the geometric features based on fig-
ure model to decide the object correspondence will result
in errors. In this case, the equation (12) is not satisfied.
The coordinate of the color model based centroid is more
reliable, so that the object is selected as the corresponden-
t object of the one being tracked. Referring to Figure 6,
the top row shows the tracking results based on the figure
model. When persons change their motion direction sud-
denly, the person with the black bounding box is lost by
the tracker, and the person with the white bounding box is
tracked incorrectly, as shown in (c). The bottom row shows
the tracking results based on the color model with the mo-
tion constraint. Persons with black and white bounding box
are tracked correctly even when there is an abrupt change in
direction, referring to (f).

5.2 Appearance, Disappearance and Occlusion

Figure 7 shows the flowchart that describes the track-
ing strategy including the situation of appearance and dis-
appearance. Occlusion can be considered as the special sit-
uation of the appearance and disappearance, the object dis-
appears for a while and then reappears. This object will not
be discarded at once. It will be kept in the tracking list for
m frames. After it reappears, the object is kept on tracking.

Figure 8 shows the multiple human tracking based on mo-
tion, figure and color models. Colors of the bounding box
show the tracking results. On a Pentium ITI-450, with an
image resolution of 320 x 240, the speed of the integrated
system is about 5 frames/second.
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the human body on the basis of background retrieval, adap-
tation and foreground region segmentation. Kalman filter is
utilized for the tracking of multiple human in the sequence
of images. Color model of the clothes is established auto-
matically and used as one of the cues in the tracking pro-
cess. The results based on the two models are integrated to
make the decision in the object correspondence procedure.
Experimental results show the robustness of the system in
complicated situations and its real-time performance.
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6 Conclusions

This paper presents a real-time human tracking system
based on multiple-model. Figure model and color model
are applied to extract the geometric and visual features of
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