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The study presents a human tracking system in video sequences. To track the target,
we first detect humans in a video according to a Gaussian background model. We then
track the humans by using color histogram as the features and using particle filters as the
tracking kernel. Since a human is not a rigid object, his appearance may be greatly af-
fected by his motion. In our applications, human bodies imaged are generally large. We
decompose each human body into three parts: head, torso, and hip-leg, represent them by
three shrunk rectangles, and track them by particle filters. In this way we can reduce pos-
sible tracking failures by checking the interrelationship among these three parts. We use
support vector machines (SVM) to detect tracking failures and abnormal body parts
since the abnormal situations are very diversified and cannot be easily encoded in rules.
If a single part is abnormal, its position can be adjusted from the other parts and tracked
using the system dynamic model. If two or three parts are abnormal, we re-initialize the
tracking process of the three parts around their predicted positions. By testing on 22
video clips from six scenes, the experimental results showed that our three-part tracking
system with failure detection and correction can track correctly about 95% persons until
the 105th frame. With respect to the body parts, our system has about 95%, 83%, and
91% tracking rates for head, torso, and hip-leg respectively until the 105th frame. The
tracking rate of a human increase 20% comparing with that of the whole-body tracker.
These rates show the effectiveness of the proposed system.

Keywords: human tracking, particle filter, support vector machine, tracking failure ad-
justment, multi-part tracking

1. INTRODUCTION

Human tracking is a fundamental and important step for many visual surveillance
applications, such as security guard, patient care, and human-computer interaction. To
track an object in a sequence of frames, we can model appearances of the object and then
use the model to predict its position in the sequence. However, in a complex environment,
detecting a target object using the appearance model in video sequences is not easy since
the appearances of the object are variable due to occlusion, illumination variations, or
orientation changes. In general, the movements of an object in consecutive frames are
assumed smooth. Therefore, if we can locate the target object in several frames, the ap-
pearance model and movement model of the target object obtained from these frames can
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be used to track the object in the following frames.

In this study, we aim to create the trajectory of a human and predict his positions for
safeguarding, that is, to detect an intruder approaching a building, an entry, wall or a
designated place. Since a human is not a rigid object, his appearance might be greatly
affected by his motion. We decomposed the human body into three parts: head, torso,
and hip-leg, since the three parts usually have different appearances and can be distin-
guished. The images show that the colors of the head part contain mostly skin colors and
hair colors, which are usually different from the colors of the other two parts. The colors
of the torso and hip-leg parts consist mainly of those of the clothes, which may be similar.
To separate the three parts, we have to use other features such as height ratios.

With respect to the features used, we adopted color histograms proposed by Perez et
al. [1] and Nummiaro et al. [2] to model the appearances of the three body parts. In the
initialization phase, we adopted the background subtraction method according to a Gaus-
sian background model to extract a human and then extract the histograms of the body
parts from the human region. However, when modeling the color histogram in the whole
color space, histogram matching is time-consuming due to the high dimensional features
used. The method proposed by Nummiaro et al. [2] quantized the color histogram into an
8 x 8 x 8 or 8 x 8 x 4 three-dimensional one. The method proposed by Perez ef al. [1]
modeled colors in HSV color space by two histograms. The intensity channel was mod-
eled as a histogram and the other two channels as another two-dimensional histogram.
The histograms were quantized into several bins to improve the speed and reduce the
effect of noise. However, in these models, two objects with very few dissimilarities were
not easily distinguished. In our research, we equalized the color histograms to improve
the ability of discriminating the objects with similar color distributions.

For failure detection and adjustment, we will use a support vector machine (SVM)
[3, 4] to distinguish abnormally and normally tracked body parts. The position of an ab-
normal body part will be adjusted according to its relative positions with the other body
parts. If a single part was abnormal, we adjusted its position and used the system dy-
namic model to track the abnormal one. If two or three parts were abnormal, we re-ini-
tialized the tracking process of the three parts around their predicted positions.

The remainder of this paper is organized as follows. Section 2 gives related work
for human detection and object tracking. Section 3 describes the method of particle fil-
tering for object tracking. Section 4 describes the module of three-part human tracking
and consistency checking, which uses four SVMs to check whether there is a tracking
failure and adjust the failure part according to the relative positions among the three body
parts. Section 5 gives experimental results and their analysis. Finally, section 6 presents
conclusions and suggestions for future work.

2. RELATED WORK

In the last few decades, tracking objects or humans in video sequences has received
much attention. Much research about the topic has been proposed and been reviewed in
several survey papers [5-7]. Moeslund et al. [5] divided a general human tracking algo-
rithm into two main phases: figure-ground segmentation and temporal correspondences.
The former finds the target human in an image, and the latter associates the detected hu-
mans in consecutive frames to create temporal trajectories. In the following, related work
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about these two phases will first be addressed. The methods for segmenting human bod-
ies and correcting tracking failures will then be described.

The methods of figure-ground segmentation can be classified into five categories
according to the used features. These categories include background subtraction [8, 9],
motion-based segmentation [10], depth-based segmentation [11], appearance-based seg-
mentation [1-3, 12, 13], and shape-based segmentation [14]. Background subtraction and
motion-based segmentation methods find the differences between images to extract the
target. The depth-based segmentation approach uses the positions of the target in three-
dimensional space or in the ground plane to segment the target. The appearance-based
segmentation approach became popular recently, since the approach is usually simple
and fast. The approaches of shape-based and appearance-based segmentation are similar
except that the former does not use the color content inside the object. Since the appear-
ances of a tracking target may change with time, several researchers proposed methods to
model and update the appearance model of the target person dynamically in consecutive
images [2, 13]. Other researchers used classifiers such as SVM [3] and Adaboost [12] to
model the appearance of target objects.

In the tracking phase, temporal correspondence aims to predict and update the states
of the target person from the measurement and predicted state. To combine the predic-
tions and measurements, Kalman filtering is a well-known method and has already been
applied in many studies [8, 15, 16]. The Kalman-filter-based approaches are commonly
used for tracking a target whose system dynamic model can be represented as a linear
function and the noise as a Gaussian. Recently, particle filters have been proposed to
construct a robust tracking framework that are neither limited to linear dynamic model
nor Gaussian distributed noise [2, 17]. The method represents the state of a target object
by a set of samples (particles) with weights. The weight of a sample is calculated by the
figure-ground segmentation and the samples are generated by the importance sampling
method so that the samples can represent the probability distributions of the target ob-
ject’s appearances. We adopt the particle filter in our system, since they can be applied in
an appearance-based tracking system very effectively.

A human is not a rigid object and his appearance changes irregularly. Segmentation
of human body parts in an image has already been proposed in several papers [18, 19].
Ioffe and Forsyth [19] decomposed the human body into nine distinctive segments. The
method finds a person by constructing assemblies of body segments. The segments were
consistent with the constraints on the appearance of a person that result from kinematic
properties. Recently, body-parts-based human tracking in consecutive images has been
proposed [3, 12, 20, 21]. Parts of these studies focused on precise decomposition of body
parts for motion type or pose analysis. However, in general environments, it is difficult to
decompose precisely body parts due to self occlusions and complex background scenes.
The studies in [3, 21] proposed a detection-based tracking model to solve the occlusion
problem. When multiple humans appeared in a frame, the detection model could not dif-
ferentiate the body parts of the different persons.

When a person is tracked in consecutive frames, the figure-ground segmentation
may fail, since the person may be occluded or other objects may have similar appear-
ances with the target person. The first problem can be classified into occluded by other
persons and occluded by background objects. To cope with the problem of inter-person
occlusion, several researchers proposed to detect occlusion events and then used the sys-
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tem dynamics to estimate the position of the occluded person [22, 23]. When a body part
is occluded, the position of the person can still be tracked based on the other parts.
Mohan et al. [3] extracted a human body by detecting four parts: the head, legs, left arm,
and right arm, by four distinct quadratic support vector machines. After geometric con-
straints among these parts are confirmed, another support vector machine is used to clas-
sify the combination of the four parts as either a human or a non-human. Wu and Nevatia
[21] used four detectors to detect head-shoulder, torso, legs, and full-body. They used a
strong classifier to classify the body parts in images. When we track multiple humans,
the classifier cannot be used to distinguish different persons, and their trajectories will
easily be confused if no other approaches are adopted. In our research, we use an adap-
tive appearance model to track the body parts, even when multiple persons are tracked.

Apart from the occlusion events, a tracker may lose the tracking target when other
objects have similar appearances. In general, a robust appearance model can be used to
reduce the tracking failures, or the system dynamic model of the target person can be
used to predict his position. However, the robust appearance model may be too complex
to maintain efficiently. We will use the system dynamic model of the target person to
track him, when a tracking failure is detected.

3. PARTICLE FILTER FOR OBJECT TRACKING

A tracking algorithm is usually composed of two procedures: prediction and update.
In the prediction procedure, the system dynamic model of the target is used to predict the
current state of the target from previous states. In the update procedure, current observa-
tions are used to adjust the predicted state of the target.

In this research, we adopt the color-based particle filter proposed by Nummiar et al.
[2] to track the targets. In a particle filter, a target object is tracked by a set of weighted
sample states (particles). In the prediction procedure, the samples are propagated into the
next step according to the system dynamic model. The update procedure can be divided
into two steps: particle weighting and particle selection. In the first step, the weight of a
sample is calculated according to the target model, which models the observations of a
target object and can be used to calculate the probability of a sample belonging to the
target. In the second step, the Monte-Carlo method is used to re-sample the particles.

The target state used in this research is described as a vector S =[X,Y,W,H, X, Y ]T
where (X, Y) represents the center of the rectangle, (W, H) the size of the rectangle, and
(X,Y) the velocity of the center. The system dynamic model is defined as a uniform
velocity motion model. The particle weighting is identical to that described in [2]. To
improve the discriminability between different objects, we propose an equalized color
histogram as the observation model. In a particle filter, a large number of particles may
cause low speed, but a small number of particle may cause low accuracy. To efficiently
utilize the particles, we dynamically adjust the number of particles according to the en-
tropy of particle weights. In the following, we will explain the observation model and
adjustment of the number of particles.

3.1 Equalized Observation Model

In our application, we aim to track a human in consecutive color images. The color
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histogram model [2] is robust against partial occlusion, non-rigidity, and rotation. How-
ever, in our application, the region of a tracking target may be small. To track the object
in small regions, the histogram may be sparse and not sufficient to represent the color
distribution of the region. For instance, if the number of bins is set as 8 x 8 x § and the
region in image is 32 x 32, the expected number of pixels in each bin is only two, which
is insufficient to represent the color distribution. To represent the color distribution, we
model the histogram in color channel independently. Here, we select YC,C, as the color
space, since the three channels are assumed independent. We divide the values in each
channel into eight bins respectively. The expected number of pixels in each bin is 128,
which can represent the color distribution more sufficiently. Another benefit of the modi-
fication is the computational efficiency when we compare the histograms between a par-
ticle and the target object, because the total number of bins is reduced to 24.

To represent the color histogram in several bins, another important task is how to
map from a range of colors in the histogram to a bin. If the range is equally quantized for
each bin and the histogram is compact, all pixels may fall into a small number of bins. In
our cases, two different histograms cannot easily be distinguished. To cope with the
problem, we first choose one histogram H as the reference one for histogram equalization.
The equalization can be denoted as z = M(H), where M(.) is a function that equalizes the
reference histogram H into an equalized histogram z, which is represented as a vector.
The function M(.) is then applied to another histogram A’ to form a feature vector z’ =
M(H’). Based on the mapping, we can prevent the pixels from falling into the same bins
for two slightly different color distributions.

Since the target object is moving, its appearance may change gradually. To adapt to
the changes, the feature values should be updated for each frame as defined by

H=H.,%x09+0x0.1, M

where H, and H, are the expected state observations at time ¢ and ¢ — 1, and Q; is the his-
togram directly extracted from the estimated state at time ¢. The variables H and Q rep-
resent unequalized color histograms of the rectangles of both target object and estimated
target region. Each of the two variables is defined as a 256 x 3-dimensional vector.

3.2 Adjustment of Number of Particles

The number of particles will greatly affect the search region of the target object in
an image. In general, when more particles are selected, the tracker may become less effi-
cient but more accurate. Therefore, we dynamically modify the number of particles to
control the covering range in state space so that the state with the local maximum weight
can be located. When we track a target with the particle filter, if the appearances of many
regions are similar to the target object, the weights of particles will approximate a uni-
form distribution and have a higher entropy. If the target has been missed, the conditional
probability p(z, | X, =S;") will be low and the distribution of weights will also ap-
proximate a uniform distribution. In these two cases, since we do not know where the
target object is, a wide search window should be set. Therefore, a larger number of parti-
cles are needed. In another case, if there is only one region whose appearance is similar
to the target object, the weights will concentrate on few particles and have a lower en-
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tropy. In that case, a small search window is needed and a smaller number of particles is
required.

To address the cases described above, we define the number of particles at time ¢ (or
the tth frame) based on the entropy as

‘Z Ni‘f o™ log ™
N,=C-N, - —== , )
—log(I/N, )

where o™ is the particle weight of the nth particle, and C is a constant to control the in-
crease rate of the number of particles. For example, if C is set as two, the maximum
number of particles at time ¢ is 2 - N,;. In our experiments, the constant C is 1.2. To avoid
the number of particles increasing or decreasing drastically, we limit the number N, be-
tween (200, 1000) in our experiments.

4. THREE-PART HUMAN TRACKING AND CONSISTENCY CHECKING

To track a human reliably, the three parts, head, torso, and hip-leg, are tracked si-
multaneously. To design the tracking system, we first segment a person in a frame via an
adaptive Gaussian background model [15], and then decompose the person into three
parts. The positions of each part in the following frames are then predicted and updated
using the particle filter described in the previous section. For each frame, after the posi-
tions of the three body parts are estimated by particle filters, consistency checking and
adjustment of these body parts are performed to correct the abnormal body part. Finally,
we perform an inter-person occlusion detection to avoid losing the target person when
the person is occluded by other persons.

4.1 Human Part Extraction and Decomposition

In this study, we aim to separate the three parts with a high distinguishability. The
distinguishability can be defined as the difference between the color histograms of two
regions. We assume that the size ratios of the three body parts of most people are similar.
As shown in Fig. 1 (a), we first locate two horizontal lines to separate the region of a
person into three sections according to the predefined height ratio of the three parts, de-
note as H,, H,, and H,. Then we move the two separation lines vertically to find the posi-
tions such that the three regions have the high differences in the mean colors. If a separa-
tion line moving up and down a short distance cannot achieve higher color difference
than before, the moving is stop. If the separation line is moved to far away from the ini-
tial position, the separation line is reset to the initial position. Therefore, when the ap-
pearances of two body parts are much similar, this separation line may stop in the initial
position. The foreground human region is accordingly separated by the two horizontal
lines into three sections R, R,, and R;. The segmented foreground regions may include
background regions or noise. Besides, the shapes of the three parts for different persons
and different poses are varied. To achieve a higher reliability of the tracked parts, we will
shrink the segmented regions according to the spatial distribution of the pixels in the
three sections. A section R is shrunk into a smaller rectangle, called inner rectangle here-
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(a) Initial horizontal separation lines of the person.  (b) Results of final three parts of the person.
Fig. 1. An example of human parts decomposition of a person.

after, as the pixel set {(x, »)|Ci = Ss <x < (. + S, C, =S5, <y <C, + 8§, (x,y) € R},
where (C;, C)) is the center of the rectangle and (S, S,) the covered range of the rectangle.
The center (C,, C,) is defined as the mass center of all the foreground pixels in the sec-
tion R, and the covering range (S,, §,) are the standard deviations of these foreground
pixels in both x- and y-coordinates.

Fig. 1 (b) shows the three inner rectangles found for the position in Fig. 1 (a), in
which the colors are more uniform. Note that the height of the inner rectangle of hip-leg
is set to the half height of the segmented hip-leg, because the appearances of lower legs
may vary significantly for different motions and dresses, which are not stable for tracking.

4.2 Tracking Failure Detection

The relative positions of the three body parts are limited in a certain range and the
velocity of each part is also limited. Tracking failure will generate abnormal relative po-
sitions of estimated body parts, and the states will change irregularly in recent frames. If
we can create a classifier to distinguish normally and abnormally tracked body parts, we
can detect the event of tracking failure.

To detect the tracking failure, we also have to detect the failure component. In this
study, we use support vector machines (SVM) [4] as classifiers to detect whether and
which body part cannot be tracked properly. The SVM is a well-known classifier that
finds a hyperplane in a higher dimensional space to separate data of two categories with
the largest margin. To detect which part cannot be tracked, we design three SVMs for
detecting the tracking failures of the three body parts. If the tracker fails to track two or
three parts, the SVM failure detector for different body parts may become ineffective,
since we cannot easily distinguish which part is abnormal by the relative positions. To
cope with the problem, we design an additional SVM to determine whether the failure
type is a single part failure or a multi-part failure.

The features used in an SVM are the estimated states of the three parts in the current
frame and the relative state changes between the current frame at time #, and a previous
frame at time 7, — At. Here At is selected to make the state changes large enough (In our
experiments, Az = 0.5 seconds). The feature vector is defined as [RSy(¢y), RSH(ty), RS (to),
RSy(to) — RSi(to — A?), RS1(to) — RSH(to — Af), RS, (to) — RS.(to — A?)]", where the vectors
RSg(f), RSH(?), and RS;(?) denote the relative state vectors of the three body parts in time ¢.
The relative state vectors are defined as:

RS (0= -3 X Sp@. (K=H.I.L) 3

I=H,T,L
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where Sy(f), S(f) and S;(¢) are the estimated state vectors of head, torso and hip-leg parts.

To collect training samples, we apply particle filters to track the three body parts in
several video sequences. We than manually label the training samples from these track-
ing results for each SVM. In our experiments, the number of training samples for each
SVM is 150. The state vectors not covering the target body part are labeled as negative,
while those falling inside are labeled as positive. The samples not satisfying these two
criteria are eliminated; this ensures that the feature vectors of the two classes are distin-
guishable. In the tracker, since a misclassified tracking failure may cause error propaga-
tion and hard to be adjusted, we prefer a higher true-negative rate. Thus, we adjust the
parameters of SVMs to achieve the goal.

4.3 Tracking Failure Adjustment

In case when a tracking failure is detected, we have to adjust the state of the target
person. If two or three parts cannot be tracked, we will detect the foreground region
around the previous tracked position of the target object, and re-initialize the tracking
process. If the state of a single part is abnormal, we will use the other two body parts to
adjust the position and size of the abnormal one. To keep the adjusted body part tracked
in the following frames, the particle states and the appearance model (color histogram)
must also be modified. If the abnormal body part still appears in the image, we can use
the adjusted position and size to extract the particle states and the appearance model.
However, if the failure is caused by occlusion, the appearances of the target person may
not be correctly extracted as shown in Fig. 2 (b), and thus the system dynamic model
should be used to track the person. In this case, the appearance model is not updated and
the process of failure detection and adjustment is not performed either. The method of
occlusion detection is discussed below.

(a) A prson with clothes colors similar to (b) A person occluded by a pillar.
those of background regions.

Fig. 2. Examples of two types of tracking failure.

4.3.1 Failure from inter-person occlusion

When two persons are both tracked, the occlusion event can easily be detected by
checking whether the tracked body parts of the two persons are touching. If the answer is
positive, we determine which one of them is occluded by measuring the similarity be-
tween the appearance of the body part and the observation model kept by the tracker.

4.3.2 Failure from background object occlusion

If a person is occluded by a fixed background object such as a pillar or a door, we
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cannot detect the event since we only track the position of a person but not the back-
ground object. To cope with the problem, we can label manually the large and fixed back-
ground objects that may occlude moving humans. This is reasonable for a scene moni-
tored by a fixed sensor.

The position of the tracking failure part can be adjusted according to the position of
the other two parts. If the tracking failure part is the torso part as shown in Fig. 2 (a), we
adjust the center of the torso to the middle of the other two parts and the size to the aver-
age of the other parts as follows:

Xy, Yy Wy, Hy | +{X,, Y, , W, H
{XT’YT’WTvHT}:{ H>"H H H}z{ L>*L L L}. (4)

Since the torso of a person is usually large enough, the adjusted rectangle usually
lies inside the torso. Instead, the head of a person is usually smaller then the other two
parts. Using similar adjustment method, its inner rectangle may contain background ob-
jects. If tracking failure happens in the head part, we will segment the foreground region
{()C,y)|XT— WTS)CSXT+ WT, YT— 0.5- HTSyS YT—O.S . HT+2 . (YT— YL)}, since this
region covers most head regions in any poses. We then extract the inner rectangle from
the foreground region by the method described in section 4.1. For the hip-leg part, its
shape may have great variations. The adjustment method is similar to that of the head
part, except that the foreground region is segmented below the torso part.

5. EXPERIMENTAL RESULTS

The proposed approach has been implemented on a personal computer. The experi-
ments were performed on 22 video clips with 72 target persons in six scenes. The input
images are in color with resolution of 720 x 480. The number of particles is set within
200 to 1000, which was automatically modified by using the entropy of particle weights.

The camera is mounted approximately three meters high and the angle between the
camera and floor is smaller than 30°. The captured images of a person will be large
enough to differentiate the body parts; the height and width of most persons are greater
than 100 and 30 pixels, respectively.

5.1 Color Histogram Equalization

In this research, we propose an equalized observation model, as described in section
3.1. To test the effect of the model, we first define three rectangles on the head, torso,
and hip-leg parts in 50 images as the target regions. We then compare the numbers of
false-alarm target regions with and without equalization. A wrongly classified region is
defined as the region that does not overlap with the target rectangle but its histogram
feature is similar to that of the target one, whose similarity is less than a threshold. The
similarity measurement between two histograms is defined as that in [2]. To define the
threshold, we select the regions that are overlapped with the target one with more than
half of size and then calculate the average histogram similarity. To calculate the number
(or rate) of false alarms, we randomly define 1000 regions that do not overlap with the
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target one as the test regions from each test image. Among the 50000 test regions (1000
regions x 50 images), 66 (0.13%), 79 (0.16%), and 45 (0.09%) regions were wrongly
classified as belonging to a body part when we use the proposed histogram equalization;
and 973 (1.95%), 734 (1.47%), and 725 (1.45%) without equalization, which demon-
strates the effectiveness of our proposed equalization scheme.

5.2 Tracking Failure Adjustment

In our experiments on tracking the head, torso, hip-leg, and whole body on 20 video
sequences longer than 100 frames, the tracking failure rates are 35%, 35%, 40%, 20% in
the 100-th frame, respectively. Note that if the bounding rectangle of a target object con-
tains less than a half of regions of other objects, the target object is regarded as tracked
correctly; otherwise it is considered as tracked incorrectly. In the test results, most of the
failures, about 100%, 100%, 87.5%, 75%, are propagated from previous frames. If we can
keep the correctly tracked body parts and adjust the positions of other body parts, error
will not propagate easily to the following frames and the accuracy can be improved.

0 40 200 220
(a) Tracking results with failure detection and adjustment.

0 40 200 220

(b) Tracking results without failure adjustment.
Fig. 3. The tracking results captured in an open space in front of a house.

Fig. 3 shows the human tracking results of a video clip captured in front of a house
by applying our proposed method with failure adjustment and that without failure ad-
justment [2]. The numbers below the images denote the frame number after tracking ini-
tialization. Fig. 3 (a) is the tracking results using failure detection and adjustment, while
Fig. 3 (b) is the results without failure detection. Since several non-human regions have
similar appearance to parts of the target person, the regions may be mistaken as the body
parts as shown in the 40th frame of Fig. 3 (b). In the frames, the appearances of the hip-
leg part are similar to those of the stone. In the 200th and 220th frames, another back-
ground object is mistaken as the head part. In the 200th, and 220th frames, the tracking
rectangles of the torso are slightly departed from the torso part, since the torso appear-
ances are not similar to those in previous frames due to the motion of arms. Using our
proposed method, we can detect the abnormal part and adjust its position as shown in Fig.
3 (a). Note that in the 200th frame, the head tracking rectangle is slightly departed from
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the head part. According to our failure adjustment, the head is corrected in the 220th frame.
5.3 Analysis of Tracking Accuracy

Figs. 6 (a)-(d) show the tracking accuracy curves of the three body parts and the
whole body of the test video clips. Different persons appearing in a scene are recorded in
different lengths of time intervals. Here, we test 72 sequences of target persons. The ac-
curacy rate is defined as the ratio of the number of correctly tracked objects to the total
number of detected objects. The error and correct rates are defined as those in section 5.2.
The accuracy rate of the ith frame is the ratio of the persons tracked correctly from ini-
tialization to the frame. Since the sequence lengths of different persons are different, the
denominators of the accuracy rates for the sequence of frames are varied.

The curves in Figs. 6 (a)-(c) show that the tracker with failure adjustment can im-
prove the accuracy rate. The method of body part tracking without failure adjustment is
similar to that proposed by Nummiar et al. [2] except for histogram extraction and
weighting calculation, as described in section 3. In frame 105, for instance, the tracking
accuracy rates with failure adjustment are 95%, 83%, and 91% for the three parts respec-
tively. Note that the result curves are not monotonically decreasing, since the particle
filter can adjust the target parts to the correct positions, and the numbers of frames that
different persons walk in a scene are not the same. Comparing with the accuracy rates of
the tracker without failure adjustment, 67%, 68%, and 64%, the tracking rates of the
three body parts are improved about 28%, 15%, and 27%. In these samples, the torso
parts of the target persons in the sequences longer than 70 frames are relatively stable
than other parts as shown in Fig. 3. Therefore the accuracy curves of the two methods in
the 80th frame of Fig. 4 (b) are much similar.

To test the effect of the multi-part tracker with failure adjustment for human track-
ing, we define the detected body region as the minimum bounding rectangle (MBR) that
encloses the rectangles of the body parts. The single whole-body tracker is the same as
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Fig. 4. Tracking rates without and with failure detection.
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that for the body part. Fig. 4 (d) shows the accuracy curves for the whole-body tracker
(drawn as triangles) and the MBR of the whole body from the three-part tracker with
failure adjustment (drawn as squares). In frame 105, for instance, the accuracy of the
three-part tracker with failure adjustment is 95%. Comparing with the accuracy rate 75%
of the whole-body tracker, the tracking rate is improved about 20%.

5.4 Multi-Person Tracking

When we track multiple humans, the main problem is occlusion. In the proposed
method, we can use the system dynamic model to predict whether two persons are touch-
ing in a frame. In case of occlusion, we will find the occluded one and predict the target
person until two persons are not touching anymore as described in section 4.3.1. Fig. 5
shows the images of a video that has multiple walking persons. In the first frame, the
three persons from right to left are labeled as numbers 0, 1 and 2. In the fifth frame, per-
son 1 hides the hip-leg part of person 2, and in the 12th and 14th frames, person 0 hides
almost the whole body of person 2. In the images the white rectangles denote the tracked
persons. The results show that our tracker can track target persons even during inter-
person occlusion.

12 14 20
Fig. 5. The tracking results with failure adjustment and inter-person occlusion detection.

5.5 Tracking Failure Analysis

In our tracking system, we assume that the relative positions of body parts are fixed
in a certain range. However, the assumption cannot be applied to track the body parts of
a person when his posture is not trained, such as bending down as shown in Fig. 6 (a). In
this situation, we can still track the same target person, but not his body parts correctly.
Since these parts belong to the same person, we can still track the target person when he
stands up.

In our failure adjustment, we use the background model to extract foreground re-
gions. However, several false objects, such as shadow, may be regarded as foreground
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(a) A person bending down. (b) A sample affected by shadow.
Fig. 6. The tracking failure samples.

objects. In Fig. 6 (b), the target person is still tracked but the torso part is too large and
the hip-leg part includes shadow. Usually, the false detected foreground regions only
affect the tracking results several frames. When the three tracked body parts are not lo-
cated in the correct relative positions, the failure adjustment scheme will adjust the posi-
tions of the body parts.

6. CONCLUSIONS

In this research, we have proposed a human tracking system. In the system, we de-
compose a human body into three parts, the head, torso, and hip-leg, and use color-based
particle filters to track the three parts separately. We have also proposed an SVM-based
method to detect the lost tracking part. In the tracking algorithm, we have used a particle
filter for tracking an individual part. Since the particle number greatly affects the track-
ing performance and tracking speed, we use entropy of particle weights to modify the
particle number dynamically. To further improve the tracking accuracy, we have de-
signed a histo-gram equalization method for color histogram comparison. The experi-
mental results show that the three parts tracking algorithm can improve the tracking ac-
curacy significantly.

In this research, we assume that a human is standing up and the three body parts can
be segmented from top to bottom. If a human crouches down or lies down, the body part
decomposition may fail. Our experimental results show that in the case of failure, the
three parts will not be labeled correctly. However, the failure will be adjusted after the
target person stands up again, since we can detect the failure by SVM. To improve the
body part decomposition, we may train detectors for different body parts. This is left for
future research.

In our method, each of the three parts is tracked by a particle filter independently. The
relative positions of the body parts are used to detect the tracking failure. We can reduce
tracking failures by preventing the particles of abnormal poses to be generated. To achieve
the goal, we needs to combine the state vectors of the three parts into a single vector to be
tracked by a particle filter. Then the particle weights are adjusted according to the relative
positions of the body parts. Also the behaviors of intruders defined on object appearances
and the trajectories found will be analyzed. These are all left for future research.
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