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Abstract
In this paper, we present a real-time surveillance system that
is suitable for the indoor environment. The system is designed
to detect, track and recognize the behavior of humans, using
a single static camera. Background subtraction is applied to
extract moving objects; these objects are tracked using linear
approximation. Shadow regions are detected and removed us-
ing linear dependence and spatial connectivity, properties of the
regions. Pattern matching and TDL (Two Dimensional Loga-
rithmic) search approach are used to solve the problem of the
occlusion of objects and depth reasoning. Behaviors of mov-
ing objects are detected by examining the sequence of shapes
extracted from the system. Shapes of moving objects are inter-
preted as characters of an alphabet. Each character represents
a class of similar blob shapes classified using K-Means cluster-
ing. The system outputs the spatio-temporal coordinates, tra-
jectories of the moving objects and detects behaviors of interest
learned by the system. Details of the system model and experi-
mental results are shown in the paper.

1. Introduction
To automate surveillance solutions, a visual surveillance system
embedded within computer vision algorithms to detect actions
of interest in real-time and gathering of data for events reason-
ing, is the current trend that is driving the shift from traditional
surveillance systems that require important human resources in
numbers and competencies to provide a real-time response. In
general, visual surveillance systems are categorized into indoor
or outdoor applications due to different environments and re-
quirements. These requirements affect the low level implemen-
tation. On one hand outdoor environments may include the
problems of unstable background, caused by situations rang-
ing from tree waving to weather conditions like rain or snow.
On the other hand indoor environments may get multi-lighting
sources with shadow effects which also increase the difficulties
of surveillance.

Using computer vision to gather data and provide real-time
event detection has been studied for both indoor and outdoor
applications.

To track objects, Masoudet al. [1] has built a system that is
able to track and count pedestrians in real-time; this system pro-
ceeds at 3 levels: raw image, blobs and pedestrians. Blobs are
obtained from raw image and one pedestrian is represented by
one or many blobs; spatio-temporal coordinates of the pedestri-
ans are recorded and tracking is done by using extended Kalman
filtering.

The system built by Kolleret al. [2] extracts contour and
tracks highway vehicles using cubic splines combined with
Kalman filter. Affine motion of the moving objects is also esti-
mated using Kalman filter.

To detect the posture or behaviors of interest, Cucchiaraet
al. [3] built an indoor system that is able to detect postures of
standing, crouching, sitting and lying by analyzing the vertical
and horizonal projected histograms.

Fujiyoshiet al. [4] presents a system that extracts the skele-
ton of the moving persons; behaviors such as running or walk-
ing are thereafter identified by examining the motion of the
torso and leg angle from the skeleton of the moving body.

Haritaogluet al. [6] and Wrenet al. [7] designed systems
that identified and tracked human using models of head, hands,
feet and torso; gestures, postures and interaction between ob-
jects can be defined and detected.

Ayerset al. [8] built a system that recognizes actions using
prior knowledge of the layout of the room. Action detection is
modelled by a state machine - it consists of action states and
transitions between actions. Actions like entering a room, using
a PC, opening a cabinet or picking up a phone can be detected
and recognized.

In this paper we present a robust indoor system that is able
to extract and track moving objects. Moving objects are tracked
and recorded at spatio-temporal coordinates. The system de-
tects and removes the shadow regions; the occlusion problem
is handled as well. Real-time event detection is performed by
monitoring the behavior of the moving objects. The rest of
the paper is organized as follows: in section 2 we describe the
model of the system; some experiments are done and results
are discussed in section 3; the conclusion and future work are
presented in the last section.

2. System Model Overview
We model our system using Gaussian background subtraction.
Foreground is extracted by taking the difference between cur-
rent frame and background frame; background is updated using
Gaussian model. Blobs are extracted by performing connected
components finding. Candidate shadow regions are selected and
used as a mask to filter out shadow noise from the moving ob-
jects. Each object is represented by one blob and tracked us-
ing linear approximation. Occlusion occurs when two or more
blobs from previous frame are referencing the same blob as a
child in the current frame. Occlusion detection is handled us-
ing pattern matching approach. The TDL search method is per-
formed to maximize the coverage rates from previous blobs to
the current occluded blob. The cost of the texture matching
from previous blobs to the current occluded blob is then used
for depth reasoning; the minimal one will be the closest object
to the camera. Each behavior of interest is modelled as a se-
quence of characters; each character represents a set of shapes
that has similar 7 invariant moments[17]. A behavior is detected
by the system if the sequence of the shapes extracted from each
moving object is similar to a behavior of interest. The processes
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Figure 1:Flowchart of the system.

are detailed in following subsections. The flowchart of the sys-
tem is shown in Figure 1.

2.1. Background Subtraction

Three different approaches to extract foreground from sequence
of images are generally used: optical flow analysis [9], frame
differencing [10] and background subtraction [11, 12, 13]. Op-
tical flow is often used when a camera comes with ego-motion.
It gives good results but is computationally expensive. Frame
differencing extracts foreground by taking the difference of the
two or more consecutive frames. It is adapted to the dynamic
scene but information of the foreground is often not complete.
Background subtraction is similar to frame differencing - it
takes the difference of the current frame and the maintained
background frame; a pixel is set as foreground if the difference
of current frame and the background frame is larger than the
threshold as shown in equation (1). In this system unimodal
background model is used where each pixel in the background
frame is modelled as a Gaussian distribution. For each pixel
(x, y) of the background, two values are maintained: meanµ
and varianceσ. From frame to frame the background model is
updated by IIR filtering. Mean is the actual value of the pixel
while the value of pixels in background frame are updated as
in equation (2). The variance of the pixel is used to control the
threshold in order to determine if a pixel from the current image
belongs to the foreground or the background. It is updated as in
equation (3) and the value of theThreshold for each pixel is
in equation (4).

|It(x, y)−Bt(x, y)| > Thresholdt(x, y) (1)

whereIt(x, y) and Bt(x, y) represent the value of the pixel
at (x, y) for the frame and maintained background at timet,
Thresholdt(x, y) for each pixel is shown in (4).

Bt+1(x, y) = (1− α)µt + α|Bt(x, y)− It(x, y)| (2)

σt+1(x, y) = (1− α)σt + α(Bt(x, y)− It(x, y))2 (3)

whereα is a constant used for the system to control the speed
of the updating rate of the background.

Thresholdt(x, y) = γσt(x, y) (4)

whereγ is some real valued parameter to adjust the system for
better foreground extraction in different scene environment.

2.2. Shadow Region Detection

In our system, we try to identify the behavior of the objects
based on the stream of the shapes extracted from moving ob-
jects. Hence, it is important to filter out the regions of the
shadow that may distort the shape of the moving objects. To
detect the shadow we use an approach similar to the one pro-
posed by Cucchiaraet al. [15]. This method makes use of two
properties of the shadows:

• Linear dependence- shadow regions are linear dependant
on the covered background region.

• Spatial connectivity- shadow usually appear as a region.

For the first property of the shadow, it is usually darker than
the background region that is covered by the shadow, and it can
be expressed mathematically as in equation (5). For the second
property of the shadow, morphology operation can be used to
filter out the regions and pixels that are not large enough as a
region of the shadow.

It(x, y)

Bt(x, y)
= (λ |(x, y) ∈ shadow region) (5)

whereλ is a real constant.

Candidate shadow regions are used as a mask to filter
out the shadow region. Shadow regions are removed by setting
pixels as background if pixels belong both to foreground and
shadow regions. Shadow candidate regions are extracted by
applying algorithms as shown in equations (6), (7) and (8).
Foreground with shadow removed is obtained using equation
(9). Default mask size of the dilation and erosion in this system
is set to5 by 5.

SM1(x, y) =

{
1, if η <= It(x,y)

Bt(x,y)
<= θ

0, otherwise
(6)

SM2(x, y) =

{
1, if SM1(x, y)⊕ Erosion(u, v)

0, otherwise
(7)

SM3(x, y) =

{
1, if SM2(x, y)ªDilation(u, v)

0, otherwise
(8)

newFG(x, y) =

{
fg(x, y), if fg(x, y) 6= 0 AND SM3(x, y)= 0
0, otherwise

(9)



wherenewFG is the new foreground with shadow removed,
fg(x, y) is the value of the pixel(x, y) of the initial foreground
obtained from background subtraction.

Experimental results show that shadow regions can be
detected and removed. It is important to mention that shadow
was not be removed entirely. In most of the cases it shows
sufficient performance. Some results are shown inFigure2.

2.3. Extraction of Moving Objects

After the foreground has been extracted using background
subtraction, connected components operation is performed to
merge all the foreground pixels that are connected into homoge-
nous blobs. To avoid one object appearing in 2 or more sepa-
rated blob components, morphology operations are performed
after the connected components operation. Opening morphol-
ogy operation with mask size3× 3 is used to remove the small
noise and merge the closely situated yet separated components
into one. Each blob is thereby represented as one object and
after the shadow is removed, information about the blobs are
then calculated. Forith blob at framet, Bi

t , we maintain the
following information:

• Center : Centroid point of the blobBi
t

• Area : Number of pixels for the blobBi
t

• Bounding Box: smallest rectangle box that fits blobBi
t

• Density : Area / size of Bounding Box

• Velocity : Center(Bi
t)− Center(Bi

t−1)

• Invariant Moments: 7 invariant moments extracted from
shape of the object

whereBi
t, B

i
t−1 are blobBi that represent the same moving

object at framet andt− 1 respectively.

2.4. Objects Tracking

A linear approximation approach is used to track detected mov-
ing objects. For each frame blobs from the previous frame are
matched to the blobs extracted from the current frame. Blobs
from the previous frame are first shifted to the estimated new
location on the current frame; after the shifting of blobs to the
estimated location, if the bounding box of the blobBi

t−1 from
the previous framet− 1 overlaps the bounding box of the blob
Bj

t from the current framet, it is then a potential match for the
blob Bi

t−1 to the blobBj
t . We refer to blobBi

t−1 as the parent
of the blobBj

t and blobBj
t as the child of the blobBi

t−1. For
each blob from the previous frame, a new location is estimated
by shifting the location of the blob by the velocity of the blob.
The velocity of the blob is a linear approximation by taking the
displacement of the blob between its current location and its
location in the previous frame. As a result of using such parent-
child relationship, five different following conditions could be
encountered:

1. 1 parent blob matched to 1 child blob

2. 1 parent blob matched to 0 child blob

3. 0 parent blob matched to 1 child blob

4. 1 parent blob matched to more than 1 child blob

5. more than 1 parent blob matched to 1 child blob

For 1) the blob is traced successfully from the previous
frame to the current frame, the same object still appears in the
scene with a predicable movement; if a parent blob ends up

with no child blob as in 2), a search is performed around the
estimated location, if there are blobs around the search region,
a parent-child relationship is assigned to these blobs, otherwise
the object is assumed to have exited from the surveillance scene
and tracking of this object is terminated; if a blob from the cur-
rent frame has no parent blob as in 3), it is marked as a new
object, new tracking is initiated for it; if a parent blob has more
than 1 child blob, similarity function that makes use of the infor-
mation of size, location and density of the blob is measured, the
parent blob will retain the child relationship to the most similar
child blob, parent-child relationship to all other child blobs with
lower similarity is unset. If more than 1 parent blob assigned
child relation to the same blob, object occlusion has occurred,
and occlusion is solved using pattern matching approach. De-
tails for solving the occlusion are described in the next section.

2.5. Occlusion Handling

Occlusion occurs when 2 or more parent blobs are referenced
to the same child blob. In this system, occlusions are solved
by estimating new location for the parent blobs that give the
maximum coverage rate to the occluded child blob and texture
matching is used to find depth order of the parent blobs. To
estimate the location of the parent blobs, the TDL (Two Di-
mensional Logarithmic) searching approach combined with the
hit function is used. The best location for parent blobs is the
location that maximizes the sum of the hit functions. The TDL
searching approach is a suboptimal searching solution proposed
by Jainet al. [14]; it gives efficient computation time with suf-
ficient accuracy. Hit function as defined in equation (10) is the
function that returns the number of pixels that the parent blob
covers to the occluded child blob after the shifting of the parent
blob with TDL searching displacement. The initial TDL search
location is the position plus the velocity of the parent blob. Once
the best location for each of the parent blobs is estimated, tex-
ture matching is then performed to solve the depth order of the
occluded objects. The shape and texture of parent blobs from
the previous frame shifted with the best estimated displacement
found using TDL earlier on is used to match the texture of the
occluded blob. The parent blob that gives the lowest cost will
be the object that is closest to the camera. The MAD (Mean
Absolute Difference) is used as the distance function for texture
matching. Formula used to solve the depth orders is shown in
equation (11).

Hit(B
i
t−1, B

i
t, shift) =

∑

(x,y)t∈Bi
t

{
1, if (x, y)t−1 ∈ (Bi

t−1 + shfit)

0, otherwise

(10)

whereBi
t−1 is one of the parent blobs from previous framet−1

and the child blobBi
t from current framet. shift is the dis-

placement of the TDL searching method,(x, y)t and(x, y)t−1

are pixels of the framet andt− 1.

DepthCost(B
i
t−1, B

i
t, shift) =

∑

(x,y)t−1∈Bi
t−1

|((x, y)t−1+shift)−(x, y)t|

(11)

Bi
t−1, Bi

t , (x, y)t−1, and(x, y)t are the same as in (10). The
shift is the best displacement found for each parent blob using
(10).

If objects are occluded, occlusion is solved first, then the
properties of the objects given in Moving Objects Extraction
section are calculated again. Properties of the occluded objects
are calculated using pixels defined by the Hit function as de-
scribed in equation (10). For example, the size of the occluded
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Figure 2: Figures a) and b) show detected and extracted mov-
ing objects from this system without application of shadow de-
tection at hall monitor frame index 70. c) and d) show detected
and extracted moving objects from this system with application
of shadow detection at hall monitor frame index 70.

object is the number of the hit. Experiments conducted using
pattern matching to solve short time occlusion give promising
result, (see Figure 3).

2.6. Characters and Behaviors Learning

Behaviors of interest are modelled as streams of characters and
saved in a knowledge database. Each character represents a
set of shapes that share 7 similar invariant moments features.
Learning of the characters is by extracting 7 invariant moments
from the shapes of the detected moving objects from a training
data set. Based on 7 invariant moments, K-Means clustering is
then performed to separate these shapes intoK different classes;
each class is then represented by a unique character. The cen-
troid value for each class is then the features of the character.
After the character learning, each character is considered as
a unique pattern. Invariant moments are appropriate to model
shapes of the moving objects because they conserve invariance
by translation, rotation and scaling of objects. More detail about
invariant moments can be found in references [17, 18]. This set
of characters is then used to represent any possible shape of the
moving objects that the system can detect.

The learning of behaviors of interest is done by extracting
each behavior of interest from a sequence of frames, from each
frame the extracted shape of the blob is then assigned to a char-
acter by comparing 7 invariant moments of the blob to the char-
acters. The nearest Euclidian distance is used to find the best
matched character. Each behavior of interest is then represented
as a stream of characters.

2.7. Detecting Behaviors of Interest

To detect behaviors of interest, the shape of the captured object
is assigned to a character. Euclidian distance is used to find the
nearest character amongst the character set and the shape of the
object. For an object that is traced by the system, a stream of
characters representing a sequence of the shape captured from
the system will be maintained. Similarity between the behavior

a) b)

c) d)

e) f)

g) h)

Figure 3: Figures a) c) e) g) are four frames extracted with
sequential order from testing data, these show extracted mov-
ing objects move across each other, bounding box are drawn to
mark detected moving objects. b) d) f) h) show trajectories of
the center position of each detected moving objects

of the candidate object and the behaviors of interest is evaluated
using Edit Distance algorithm. If a string from the traced ob-
ject and the string of the behavior of interest are similar within
certain error bound, then the behavior of the object is assumed
to be the behavior of interest. Edit Distance is a measure of the
similarity between two strings, the lower the cost return from
Edit Distance the closer the strings. The cost of the Edit Dis-
tance is the sum of the operations needed for the string to insert,
delete or substitute a character within the string.

3. Experiments

Experiments are done in various indoor environments and out-
door environments. The system is built using Borland C++
Builder, running the system on a Pentium 4 machine with 1G
memory. It gives a peak processing speed of about 16 frames
per second. In complicated conditions like occlusion or when
large number of moving objects appear in the surveillance zone,
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the system can still maintain a speed of about 5 frames per sec-
ond. In order to see the validity of the model for the detection of
the behaviors of interest, we use our system to detect different
styles of the Chinese martial art:Taijiquanor Chinese shadow
boxing. Details about the learning of characters and behaviors
of interest for the experiment are described next.

3.1. Characters Learning

A setup of 407 frames captured at a speed of 5 frames per sec-
ond with one performer practicing Taijiquan is used for charac-
ters learning. Within these 407 frames, shapes of the performer
are extracted and clustered into K classes using K-Means Clus-
tering, 7 invariant moments are used for clustering discrimina-
tion. After clustering shapes into K classes, each class is then
represented as a character, centroid values for each class is then
the features of the character. To get better clustering, Davies-
Boulidin index [16] is used to justify the number of classes
used for K-Means clustering. The Davies-Bouldin index aims
to identify sets of clusters that are compact and well separated,
the lower the index value the better the number of the classes
used for clustering; average linkage is used for intercluster dis-
tances. For intracluster distance, complete diameter is used, Eu-
clidian distance is used for both intercluster and intracluster dis-
tance measurement. Using shapes extracted from this training
data, we performed the test to get Davies-Boulidin index from
8 to 20 classes in three rounds; the results reveal that using 19
classes with K-Means Cluster at first round gives best Davies-
Boulidin index. We therefore used 19 classes corresponding to
the number of characters for this experiment. Each class is as-
signed a unique character and is represented by the character of
the Latin alphabetA, B, . . . , S. Figure 4. shows normalized
Davies-Boulidin index for classes numbered from 8 to 20.

3.2. Taijiquan movement learning

The first 13 movements of the Taijiquan is captured by the sys-
tem with a speed of 5 frames per second. Each shape of the
Taijiquan performer captured from the system is assigned to a
character learned from system earlier. The nearest Euclidian
distance is used to assign a shape to the character. Each move-
ment is then recorded as a stream of characters. To train the
system, this process is repeated three times and each movement
is then represented as 3 of the possible streams. From these

training data, the shortest movement gives length of 18 charac-
ters and the longest movement gives 42 characters.

3.3. Movement Detection

The system recognize the Taijiquan styles by comparing the
stream of the moving object to the stream of the movements
learned and stored in the knowledge base. If the cost of the two
strings from the function of Edit Distance gives lower than the
certain percentage compared to the length of the learned move-
ments, behavior of the object is assumed to be matched to the
movement learned by the system.

3.4. Experimental Results

The experiment is done by performing the first 13 movements
of the Taijiquan by the same performer, with 90% confidence
(10% difference allowed to the length of the learned movement
or up to cost of 5). Results show 8 out of the 13 movements can
be recognized in correct time and it gives 0% false alarm rate.
Some of the movements that are not picked up by the system
during the experiment may be due to the corruption caused by
the shadow.

Table 1:A set of 13 movement strings record in knowledge base.
Movement Movement String

1 CCCCCCCCCCCCCHHHHHHHHHHCCHHHHHHHHHHCHH
2 CCCCCCCCCCQCHHAAABBBBBBEEEE
3 BBPBBBPLLLLOJFJPJPPPP
4 FFFJFJPOOPOLOOOOPJJJFFJFF
5 FJOOPPFJJPOPOPJJJJFFFIIFINNNMMMMMNIIEE
6 FFFPPOJFFPJFFNNNNNNININ
7 NMMNFFIFIFFFINMMMNINM
8 GMMMMMGMFJFIIIIINNIBPOO
9 PBINNFJFIENMMNJBBFIINNN
10 INNIEIIINMGGGGGGGGRGGG
11 GGGGGGGRRRRRRRRRRR
12 NIEINNRGDKSSKDDDDD
13 DKKDDDDDDSSSSSSSSSSKKKKDDDDDDDD

4. Future Work and Conclusions
We have designed a system that is able to extract and track
moving objects, detect and remove shadow regions, handle oc-
clusion and record the 2D spatio-temporal coordinates with the
trajectory of the moving objects. With a suitable training data
set, our system is able to identify the behaviors of interest within
a fixed environment using a static camera. In our future works,
we intend to investigate the following aspects:

• Distance Measurement : Euclidian distance is used for
clustering shapes into K classes and to find the closest
matching character. It will be interesting to use Maha-
lanobis distance and compare results obtained to the cur-
rent ones.

• Weight Learning : 7 invariant moments share equal
weight in this experiment. By learning the importance
of the feature values from these 7 values, this may result
in getting a more stable character assignment.

• Behavior Matching : Edit Distance is used to match
the behaviorial strings. Fuzzy approach to compare two
strings may be investigated to see if it gives a more ac-
curate result.

• Behavior Modelling: To adapt the idea of the finite state
machine that present characters as states and the change
from one character to another as a transition.
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Figure 5: Figures 1) to 18) show one of the matched
style extracted from testing video frames with shape string
GGGGGGGGRRRRRRRRRR.
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