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Abstract
The surveillance system is widely used in business and government organizations, such as post offices, convenient stores,
banks and public streets. The conventional surveillance systems only provide video data that record events. When an event
occurs, we can check the video data to figure out what happened. However, the event searching process from the video data is
tedious and time-consuming. Recently, content based video retrieval technologies have become a popular research topic.
The content based video retrieval technologies can be used in two applications: “on-line” and “off-line”. In “on-line”,
we can make the surveillance system to track target automatically. They can provide a warning signal for police or security
guards when suspects appear or crime happens. This kind of video retrieval systems may provide a possible way to prevent
crime happening. In “off-line”, we can extract the target events from video data and avoid tedious searching processes.
In this paper, we use the “motion vectors” and the RGB color model to retrieve interested moving objects from recorded
video data.
Keywords: content based video retrieval, moving object detection, color models, forensic science

1.Introduction
In recent years, there has been a dramatic proliferation
of research works concerning with content based video
retrieval. This kind of technologies can help us find some
interesting events from video data and avoid tedious
searching processes. When accident occurs, we can
quickly check the video tape to figure out what is going
on there.
The technology of moving-object tracking plays
an important role in those video retrieval systems. At
first, motion detection is to determine which pixels
belong to moving objects and which pixels belong to
static background for a period of time. There are three
kinds of mostly used approaches of separating movingobjects from the background: optical flow analysis [1],
temporal differencing on consecutive frames [2, 3], and
background subtraction [4, 5, 6, 7].
The optical flow is one of motion detection methods.
*Corresponding author, e-mail: cwen@mail.cpu.edu.tw

It estimates the distribution of apparent velocities of
movement of brightness patterns between consecutive
image frames. However, the computation of optical flow
is very tedious.
The second approach is computing the temporal
differencing on two or three consecutive image frames.
This method is sensible to lighting changes and is not
easy to detect objects that are not continuously moving.
The third approach is the background subtraction
method. We model the background by computing the
mean and variance for each pixel over a sequence
of frames and each pixel is modeled as a mixture of
Gaussian distributions. Then, we can define a standard
deviation as the threshold value to get pixels belonging
to moving objects. The background subtraction
approach is the mostly used one. H. T. Chen et al.
described a tracking algorithm to cope with interactions
among objects and model the best match of the graph
corresponding to optimal identities of the detected
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objects [4]. Q. Zang and R. Klette presented a multi-

5 is the conclusion.

layered mixture of Gaussians model for background
subtraction [5]. Based upon color and gradient
information, S. J. McKenna, S. Jabri, Z. Duric described
a background subtraction method to cope with shadows
and unreliable color cues [6]. S. Jabri et al. combined
color and edge information to represent results of
background subtraction [7].
Some researchers proposed algorithms for motion

2. Motion Detection and
Extraction
The diagram of the proposed moving object tracking
and analysis is as shown in Fig. 1. The main processes
include: motion detection, shadow elimination, noise
clearing, morphological operation and contour extraction.

analysis and human activities. I. Haritaoglu et al.
proposed a shape silhouette analysis algorithm for
determining if a person is carrying an object and
exchanges object events [8]. C. BenAbdelkader and
L. Davis described a shape silhouette method to detect
instances of a walking person carrying an object in lower
or upper body regions [9]. C. Y. Chiu et al. proposed a
framework for content based human motion recognition
retrieval [10]. They used several segment-posture vectors
to represent entire human activities in motion frames
and used these vectors as features to retrieve image
frames that human has similar postures. Shih-Fu Chang
et al. proposed an interactive content-based video search
system on the Web, based on the visual feature including
color, texture, shape, and motion [11]. The motion of the
video object is stored as a list of N-1 vectors (where the
number of frames in the video is N). Each vector is the
average translation of the centroid of the object between
successive frames after global motion compensation.
Along with this information, they also store the frame
rate of the video shot sequence hence establishing the
“speed” of the object as well as its duration [11].
In this paper, we apply the technology of movingobject tracking to CBVR. We use background subtraction
to detect moving pixels, overcome the shadow problem
[5, 12, 13], and eliminate noise and mend moving pixels
by connected components labeling and morphological
operations. Then, we block the image region of a
moving-target and extract color information for CBVR
in the video data [14, 15, 16]. We also define “motion
vectors’’ and use them to classify extracted images.
The remaining sections of the paper are organized
as the follows. The section 2 describes the method and
theory of motion detection and extraction, the section
3 is the application of extracting images in CBVR, the
section 4 presents the experiments result, and the section

Fig. 1. The block diagram of the proposed method
2.1 Motion detection
We assume that the CCD camera for recording video
data is stationary and the background changes are
relatively slow to the target’s motion in the scene. We use
some image frames without moving objects to compute
statistical quantities for the background scene. Then, we
detect the foreground pixels and extract features.
We will explain how to extract moving objects in this
sub-section.
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2.1.1 Background image
The initial background image modeling is carried
out over first 30 image frames. With the assumption of
no moving objects in the 30 image frames, we build
the reference color background image with a normal
distribution. We model the background by computing the
2
sample mean µ (x, y ) and variance σ (x, y ) in the color
images over a sequence of 30 frames. These statistics
are calculated separately for each one of the RGB
components by using the following iterative formula [4].

For image frame f =2,…,30, we have

(1)
where •
[] denotes the corresponding value at frames f
, and [μ(x, y )] = [C (x, y )] and [σ (x, y )] = 0 . Equations (1) can
be shown by straightforward calculations that they yield
the sample mean and variance over the first 30 image
frames [4]. The sample mean is the background image.
f

2

1

1

1

The background image of the (x, y )th pixel ' s RGB values
over the first 30 image frames is given by [5] :
,
μ(x, y ) = [μR (x, y ),μG (x, y ),μB (x, y )]
(2)
and the variance of the (x, y ) pixel ' s RGB values over
the first 30 image frames is given by [5] :
		
2
2
2
(3)
σ 2 (x, y ) = [σ R (x, y ),σ G (x, y ),σ B (x, y )]
th

2.1.2 Background subtraction
We defined the term “moving pixels” as the
“foreground.” In each new image frame C (x, y ), the
foreground can be obtained by comparing their RGB
values to the corresponding mean values. We first create
a binary image D (x, y ) with the same dimension as the
image C (x, y ) and set all its pixel values to 0. The output
of the background subtraction method is defined as
follows:
(foreground), if | C (x, y ) − µ (x, y )|> α ⋅ σ (x, y )
0 (background), otherwise

(4)

A pixel (x, y ) is extracted as a foreground if it RGB
values C (x, y ) satisfies the absolute difference value with
μ(x, y ), where the parameter α can be adjusted to yield
more or less foreground. In all experiments of this paper,
we use 3σ as the threshold in background subtraction. If
the threshold is too low (e.g. 1σ), it will cause too much
fault-foreground; on the contrary, if the threshold is too
high (e.g. 5σ), it will cause too much fault- background.
Threshold at around 3σ provides an acceptable trade-off.

If data are normally distribution, 99.7% of the data are
within 3σ of the mean [6].
2.1.3 Background updating
The background cannot be expected to be stationary for
a long period of time. We need to update the background
parameters for the lighting changes. An adaptive scheme
makes a constant updating of background as linear
combination of previous background image and current
image frame. The recursive estimation of mean and
variance can be performed using equations (5.1) and (5.2).
Equations (5.1) and (5.2) update the background image
and sample variance, respectively [5, 6, 7]:
μ(x, y )f		
＝β ⋅ C (x, y )f + (1 − β )⋅μ(x, y )f −1
(5.1)
σ 2 (x, y )f ＝β ⋅ (C (x, y )f − μ(x, y )f ) + (1 − β )⋅ σ 2 (x, y )f −1 (5.2)
2

where C (x, y )f is the current image frame;μ(x, y )f , σ 2 (x, y )f
are the mean and variance values that update the current
image frame; β is the learning rate that determines the
speed at which the distribution ' s parameters change
(0<β<1) [7].
In order to improve the background image, we must
deal with shadows and noise. Beside, when sudden
changes in background illumination (such as over 80
percent of the image area is detected as a foreground), we
will stop tracking and update the background model.
2.2 Shadow elimination
The shadow problem will cause redundant foreground
(moving pixels) and decrease the system’s accuracy.
Therefore, we need to eliminate the shadow after
background subtraction.
Before the shadow elimination process, we need some
preprocess:
Step1：We convert the matching part of the image
| C (x, y ) − µ (x, y )| from the RGB to grayscale

format, and denote it as g (x, y ).
Step2：We use median filter to remove isolation points
and smooth g (x, y ), and we get a new image
g ' (x, y ).
Step3：We perform the gray-level distribution of and
take the minimal median value as threshold. A
support map C ' (x, y ) is a RGB color image where
pixel values are set to current image frame if it’
s greater than threshold; otherwise, set to 0. This
method is defined as follows:



Forensic Science Journal 2007; Vol. 6, No. 2

C (x, y )
'

C ( x, y ) , if g(x,y) >threshold,
0, otherwise,			

(6)

With all conditions, the shadow pixels should satisfy
the following constraints:

		
＝
The equation (6) maintains the motion parts (foreground,
shadow, highlight, noise) of C (x, y ) while the non-motion
parts are removed. We can obtain the support map C ' (x, y )
, see Fig. 3(c) and 4(c).
Shadows are defined as pixels that have similar
chromaticity but less brightness comparing to
background pixels [5]. Therefore we can use different
metric for chromaticity distortion to handle with darker
colors near to the origin in the RGB color space. Let
vector μb = [Rb , Gb , Bb ] represent the background RGB
color and I b represent the intensity value of a pixel in the

referenced background image. The vector Cc ' = [Rc , Gc , Bc ]
represents the RGB color and I c represents the intensity
value of the same pixel in the current frame (Fig. 2).
The different values between the background pixel
and the current frame pixel are decomposed into
two parts: the chrominance distortion and brightness
distortion [12]. The chrominance distortion describes
the distance between the current frame value and the
background chromaticity line. We use cosθ to represent
the chromaticity similarity between the background
→

				
(7)

where T1 , T2 , Tlow , Tup are pre-defined thresholds.
If the current frame pixel satisfies the constraints of
equation (7), then this pixel will be removed from the
image D (x, y ). Figs. 3 and 4 show the results of preprocess image with and without shadow elimination.

→

vector μb and current frame vector Cc ' . If cosθ is greater
than a threshold, the current frame pixel belongs to
shadow parts; otherwise, we consider it as the brightness
distortion, which is a measure of where along the
→

→

background vector μb the projection of Cc ' lies. So, we
can define the brightness distortion as the ratio of length
→

→

and length μb .
The higher or lower brightness pixels that have similar
chromaticity with background are also considered as
shadow, we use the luminance information to help
us eliminate shadows [5, 13]. For those pixels, we
compare their current frame value with its background
distribution. If they have similar chromaticity, we define
them as background pixels. However, for those pixels
with a higher or lower brightness than background pixels,
we will remove them. We define that I b = Rb + Gb + Bb
represents pixel’s brightness of the background, and
I c = Rc + Gc + Bc represents pixel’s brightness of the
current frame. The ratio of these two values should be
'

Cc * cosθ

between thresholds Tlow and Tup . Tlow lets us avoid the
darker pixels with similar chromaticity to background are
classified as shadow parts. Tup lets us avoid the brighter
pixels with similar chromaticity to background are
classified as shadow parts [5, 13].

Fig.2. The background model in RGB colorspace [12].
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(a)

(b)

(c)

(d)

Fig.3. The results of pre-process image with and without shadow elimination, respectively. (a) Background image. 		
(b) Current image. (c) Pre-process image. (d) Foreground image without shadow elimination. (e) shadow 		
image. (f) Foreground image with shadow elimination.



Forensic Science Journal 2007; Vol. 6, No. 2

(a)

(b)

(c)

(d)

(e)

(f)

Fig. 4. The result of pre-process image with and without shadowelimination, respectively. (a) Background image.
(b) Current image. (c) Pre-process image. (d)Foreground image without shadow elimination. (e) shadow image.
(f) Foreground image with shadow elimination.
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2.3 Noise elimination
From above processes, the obtained foreground
image may still have some noises. Those noises come
from lighting changes, illumination changes and false
matches. We must eliminate these noises and improve
the foreground. We apply connected component labeling
and morphological operations to noise elimination. We
use connected component labeling to label all pixels
that are determined as foreground and count the area
of all the labeling components. We assume that the
background changes slowly relative to the object motion.
So the noise area is relative small. In our experiment, we
set a threshold and remove areas that are less than this
threshold.
Besides, we can remove the areas with small bounding
boxes. The area of labeling components can form
bounding boxes. The bounding box can be defined by the
width and height of every labeling component. We define
thresholds of width and height according to the image
size. If one labeling component which area is more than
a threshold but the width or height is less than another
threshold, then we can remove the area.
Usually, the swing of the scene, tree branches or
lighting changes will often cause false matches of
noises as foreground. Here we exploit morphological
operation to eliminate noises and fill up small hole
in the foreground. Dilation and erosion are two basic
morphological operations. We combine the two
operations to eliminate noises and fill up small hole in
the foreground. An opening is defined as an erosion step
followed by a dilation using the same structuring element
for both operations. A closing is defined as a dilation step
followed by an erosion step by using the same structuring
element for both operations.
2.4 Shape and contour extraction
After identifying the foreground, we continue to
extract the shape of foreground. Foreground pixels
enclosed by a bounding box are considered to be
belonged to a same object. In some cases, a foreground
object may have a similar color distribution as the
background does (see Fig. 5 (a) and (b)). In this case,
foreground pixels can not form a connected component.
Here, we use a fast contour extraction method [4] to
solve the problem.
Two probes are carried out to estimate an object’s
shape. The first one is performed by horizontal scanning.
We first create a binary image, X, with the same
dimension as the background image and set all its pixel

values to 0. The probe is executed row by row, starting
from the first row. Each row is scanned simultaneously
using two pointers at the two ends xL and xR (Fig. 5 (c)).
Each pointer will continue to move toward the center
until it reaches a foreground pixel or the two pointers
meet each other. When a row scan is completed, if there
is any pixel between the pointers (including the two
pointers), we set the pixels at the corresponding positions
in X to 1. When the row probe is done, a dilation oper–,
X Y (Fig. 5 (f)) [4].
Because we take the union of two probe sets, some
parts of the initial shape which belong to a same object
may still split especially in up and down direction. So we
compare the initial shape with shape Y and make pixel’
s compensation. We define a condition as follows: The
split regions must be in close proximity. If the up and
down pixel distance between two regions is less than a
threshold, we fill the pixel value between the distance
of shape Y into the same pixel of initial shape. In our
experiments, we use 10 pixels as the threshold value.
When the step is done, a dilation operation is applied to
the initial shape again for robustness. Then we can get
the final shape (Fig. 5 (g)) and store this image into our
database. We will introduce the application in chapter 3.
We can extract the final shape contour by removing
interior pixels. This option sets a pixel to 0 if all of
its 4-connected neighbors are 1, thus leaving only the
boundary pixels on. (Fig. 5 (h))
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(a) Background image

(b) Current image

(c) Foreground pixels

(d) X-probe: X

(e) Y-probe: Y

(f) X ∧ Y
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(g) Final shape

(h) Final contour

Fig. 5. Shape contour extraction for disconnected foreground pixels

3. Applications of Image
Extraction in CBVR
Here, we will use color histograms and “motion vector”
to extract target’s images and information for CBVR.
3.1 Color histograms image retrieval
In this paper, we use the simplest the RGB color
model and color histogram to extract target’s images
and information. We obtain the querying object color by
manual operation from the images with our interested
object. We use the RGB values to search all the video
content with color similarity matching from our video
data. We can find the video clips that have the similar
color information of interested objects. The experiment
results are shown in Fig. 15.
3.2 Motion vectors
In our experiments, we assume that every image
frame contains only one person and continue to move in
right or left direction. When extracting the person from
the surveillance of each frame, we record the centroid of
the moving object in our video data. After recording the
data of centroid, we subtract the centroid for the interval
of every five frames which contain the person, and then
we can get the motion vector of motion direction of the
person. If one person goes into the frame from left and
leaves through right, the direction of the motion vector is
positive (see Fig. 16). On the contrary, if one person goes
into the frame from right and leaves to left, the direction
of the motion vector is negative (see Fig. 17). Using the

motion vector as a feature of CBVR, we can classify the
images according to the different direction in our video
data and shorten the searching time.

4. Experiment Results
Our video samples were collected under different
environmental conditions (indoor, outdoor, sunny, and
cloudy). The image size is 320*240 pixels. There are two
parts in our experiments. The first one is to demonstrate
motion detection and extraction by a single frame and a
period of video records. The second one is to demonstrate
image extraction in CBVR by using color histograms and
the motion vector.
4.1 Experimental result of motion detection and
extraction
Figs. 6 and 7 are in a cloudy environmental condition
with stripe background. Figs. 8 and 9 are in a sunny
environmental condition with simple background.
Fig 10 is in indoors with dark background. Fig. 11
is in a cloudy environmental condition with two
persons in the scene. The threshold we set in all the
frames is that: α=3, T1 =0.9397, T2 =1.6, Tlow =0.7,
Tup =1.3. Figs. 12~14 are a serial of frames with
the same condition and the learning rate β is 0.3.

10
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(a) Background image	�����������������
(b) Current image

(c) Foreground pixels (α=3)

(d) Shadow

(e) shadow elimination

(f) Noise elimination
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(g) Shape extraction

(h) Final result

Fig. 6. Experimental results of motion detection and extraction in a cloudy environmental condition with stripe
background.

(a) Background image

(b) Current image

(c) Foreground pixels (α=3)

(d) Shadow

12
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(e) shadow elimination

(f) Noise elimination

(g) Shape extraction

(h) Final result

Fig. 7. Experimental results of motion detection and extraction in a cloudy environmental condition with stripe
background.

(a) Background image

(b) Current image
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(c) Foreground pixels (α=3)

(d) Shadow

(e) shadow elimination

(f) Noise elimination

(g) Shape extraction

(h) Final result

Fig. 8. Experimental results of motion detection and extraction in a sunny environmental condition with simple
background.
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(a) Background image

(b) Current image

(c) Foreground pixels (α=3)

(d) Shadow

(e) shadow elimination

(f) Noise elimination
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(g) Shape extraction

(h) Final result

Fig. 9. Experimental results of motion detection and extraction in a sunny environmental condition with simple
background.

(a) Background image

(b) Current image

(c) Foreground pixels (α=3)

(d) Shadow
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	��������������������������������������������
(e) shadow elimination
(f) Noise elimination

(g) Shape extraction

(h) Final result

Fig. 10. Experimental result of motion detection and extraction is in indoor with dark background

(a) Background image

(b) Current image
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(c) Foreground pixels (α=3)

(d) Shadow

	��������������������������������������������
(e) shadow elimination
(f) Noise elimination

(g) Shape extraction

(h) Final result

Fig. 11. Experimental result of motion detection and extraction in a cloudy environmental condition with two persons in
the scene.
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(a)

(b)

(c)

(d)

Fig. 12. A serial of frames in a cloudy environmental condition with stripe background and the learning rate β is
0.3. (a) Current images. (b) Extracted images. (c) Current images. (d) Extracted images.
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(a)

(b)

(c)

(d)

Fig. 13. A serial of frames in a sunny environmental condition with simple background and the learning rate β is
0.3. (a) Current images. (b) Extracted images. (c) Current images. (d) Extracted images.
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(a)

(b)

(c)

(d)

Fig. 14. (a) Current images. (b) A serial of Extracted images in indoor with dark background. (c) Current images.
(d) A serial of Extracted images in a cloudy environmental condition with two persons in the scene.

Content Based Video retrieval with Motion vectors and the RGB Color Model 21

4.2 Experimental result of application of image extraction in CBVR
Fig. 15(a) shows the histograms of two images we extracted from our database. Fig. 15(b) shows there are seven
different video clips for video retrieval. Figs. 16 and 17 are the motion vector of two series of images with different
direction. Fig. 18 is the experiment of different persons in the same background. In Figs. 19~22, we extract one image
from the database and compute the score to find the similar images. In Figs. 23~ 26 we combine the motion vector to
classify the similar images.

Fig. 15 (a). (a) Image 1. (b) Image 2. (c) Hue distribution of image 1 with 42 bins. (d) Hue distribution of image 2 with
42 bins.
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Fig. 15 (b). Assign one object color of video from seven different video clips and use the RGB values to find the similar
color object. The top left video is the query video and others are some retrieved video sorted from top-left to
bottom-right and the retrieval result are video(1) and video(3).
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Fig. 16. (a) The motion direction from 1 to 3. (b) The positive motion vector and the blue arrow represent the motion
direction.
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Fig. 17. (a) The motion direction from 1 to 3. (b) The negative motion vector and the blue arrow represent the motion
direction.
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Fig. 18. The trails of different persons in the same background. Red dots represent the centroid of person 1, green dots
represent the centroid of person 2, blue dots represent the centroid of person 3. (a) Person 1. (b) Person 2. (c)
Person3. (d) The trails of person 1, person 2, person3 with background. (e) The trails of person 1, person 2,
person3 without background.
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Fig. 19. Extract one image from the database and compute the score to find the similar images. The top left image is the
query image and others are some retrieved images sorted from top-left to bottom-right and the scores from 0 to
0.4532

28
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Fig. 20. Extract one image from the database and compute the score to find the similar images. The top left image is the
query image and others are some retrieved images sorted from top-left to bottom-right and the scores from 0 to
0.2427.
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Fig. 21. Extract one image from the database and compute the score to find the similar images. The top left image is the
query image and others are some retrieved images sorted from top-left to bottom-right and the scores from 0 to
0.3364.

30
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Fig. 22. Extract one image from the database and compute the score to find the similar images. The top left image is the
query image and others are some retrieved images sorted from top-left to bottom-right and the scores from 0 to
0.4492.
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Fig. 23. Combine the motion vector to classify the similar images. The top left image is the query image and others are
some retrieved images sorted from top-left to bottom-right and the scores from 0 to 0.4822. The direction of all
images is from right to left.Fig. 24. Combine the motion vector to classify the similar

32
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Fig. 24. Combine the motion vector to classify the similar images. The top left image is the query image and others are
some retrieved images sorted from top-left to bottom-right and the scores from 0 to 0.3177. The direction of all
images is from left to right.
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Fig. 25. Combine the motion vector to classify the similar images. The top left image is the query image and others are
some retrieved images sorted from top-left to bottom-right and the scores from 0 to 0.3664. The direction of all
images is from right to left.
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Fig. 26. Combine the motion vector to classify the similar images. The top left image is the query image and others are
some retrieved images sorted from top-left to bottom-right and the scores from 0 to 0.6826. The direction of all
images is from left to right.
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4.3 Experiment discussion
We use background subtraction to detect moving
pixels, but we cannot detect enough moving pixels when
the color of the background scene and moving objects
are similar.
In the experiment, we provide sets of parameters:

α = 3 , T1 = 0 . 9 3 9 7 , T2 = 1 . 6 , Tlow = 0 . 7 , Tupup

=1.3, β = 0.3 , which are the best condition in our
experiments after repeatedly test, but they aren’t fixed
parameters in all environment. The parameters should be
adjusted according to the environmental condition.
In Fig. 26, the ratio of person in the image is relatively
little and the score of different color of clothes of query
and retrieved persons are similar due to light changes
and CCD viewing angle. It will cause the color error and
a little part of different colors may have no difference in
color histograms. In our experiment, some of the query
images have the same condition.

5. Conclusions
In this paper, we apply the technology of movingobject tracking to content base video retrieval. We
use background subtraction to detect moving pixels,
overcome the shadow problem, then use connected
components labeling and morphological operations to
eliminate noise and mend the moving pixels. Then, with
color histograms, color similarity and “motion vector”
, we can extract the target’s image and information for
content base video retrieval in the database. Our method
can be applied to image frame retrieval in single-CCD
(Charge Coupled Device) or multi-CCD surveillance
systems.
For multi-surveillance retrieval, abrupt environment
changes (such as light), CCD shift, viewing angle and
position (it will cause same object with different size)
will cause detection and retrieval error. In future work,
we will develop a more robust method for different
environments.
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