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Abstract
Surveillance systems have been widely applied to many fields, such as public safety, traffic monitoring, and crime
investigation. Recently, intelligent surveillance technologies have shown their capability to improve on-line and off-line
functions of surveillance systems. For on-line functions, these technologies can trig alarms when pre-defined events happen,
such as intruding objects appearing in prohibited areas. For off-line functions, they can be applied to content-based video
retrieval. Motion detection plays an important role in intelligent surveillance systems. It is used to segment interested image
areas and find possible moving objects in video data. However, since noise will cause false alarm motion detection, it is a
difficult work for correct motion detection, especially for surveillance systems with outdoor charge coupled device cameras. In
this paper, we propose an efficient false alarm motion detection method for surveillance systems. The method is based upon the
hierarchical block matching algorithm and the k nearest neighbors classifier. From our experiment results, the proposed method
is feasible in practical applications.
Keywords: Content-based video retrieval (CBVR), false alarm motion detection, surveillance system.

Introduction
In recent years, surveillance systems have been
widely applied to many fields, such as public safety,
traffic monitoring, and crime investigation. We also can
find there are significantly large numbers of surveillance
cameras installed in public areas, such as malls, airports,
and public transportation stations.
Recently, intelligent surveillance technologies have
shown their capability to improve on-line and off-line
functions of surveillance systems (as Fig.1). A digital
video may be obtained directly by using a digital video
camera. Most of contemporary digital video cameras
use charge coupled device (CCD) sensors. Similar to
analog counterpart, digital cameras sample the imaged
scene resulting in discrete frames. Each frame consists
of output values from a CCD array, which is by nature
discrete in both horizontal and vertical dimensions,
as an image. The terms "on-line" and "off-line" have
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specific meanings in regard to computer technologies.
In surveillance systems, "on-line" indicates a state of a
real time process, while "off-line" indicates a subsequent
process state. Before the frames process step, offline functions of surveillance system can operate and
analysis data from video database at any time. For online functions, these technologies can trig alarms when
pre-defined events happen, such as intruding objects
appearing in prohibited areas. For off-line functions, they
can be applied to content-based video retrieval (CBVR).
The fundamental technologies of intelligence
surveillance systems are related to content-based image
retrieval (CBIR). CBIR techniques are based on image
properties, such as color, edge, shape, region, texture,
etc [1]. Many literatures have been provided to discuss
visual properties for image recognition and analysis.
Datta R et al. described that the most of the multimedia
(MM), computer vision (CV), and artificial intelligence
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(AI) work related to image retrieval has been published
in information-related venues and received high citations.
At the same time, AI-related work published in CV
venues has generated considerable impact [2]. CBVR is
a research area that has drawn a good deal of attention
in recent years [3,4]. In previous research, the motion
vectors and the RGB color model are used to retrieve
interested moving objects from recorded video data [5,6].
There are some important technologies used in
intelligence surveillance systems, such as detection
of fog and disturb visibility. Some research works
have been done regarding detection of tampering with
or modification of prerecorded video that deal with
data embedding and watermarking techniques [79]. Histogram chromaticity difference is calculated to
detect camera tampering. Camera tampering detection
is based on comparison of recent and older frames of
video data to determine the image dissimilarity [10].
Background images are extracted and used for camera
temper detection by using wavelet analysis techniques
[11]. The color values (red-green-blue, RGB) of frames
comparison is used to detect camera tampering [12]. The
presence of the disturbance on camera lens is detected by
measuring the change of the blur intensity [13-15].
Motion detection plays an important role in
intelligent surveillance systems. It is used to segment
interested image areas and find possible moving objects
in video data. In previously research [16], global and
local motion detectors are used to generate directional
histograms from motion fields. By statistical analysis,
if the value is outside the threshold, camera tampering
alarm is signaled and the event is noted. However, since
noise will cause false alarm motion detection, it is a
difficult work for correct motion detection, especially for
surveillance systems with outdoor cameras.
Hierarchical Block Matching Algorithm (HBMA)
has provided to separate motion objects into block
regions and track them between frames. Especially about
blurred videos, HBMA is an excellent motion estimation
method [17]. The k-nearest neighbor (k-NN) method is
one of the data analysis techniques. It tries to classify an
unknown sample based on the known classification of
its neighbors. Therefore, if the classification of a sample
is unknown, then it could be predicted by considering
the classification of its nearest neighbor samples. Given
an unknown sample and a training set, all the distances

between the unknown sample and all the samples in
the training set can be computed. The distance with
the smallest value corresponds to the sample in the
training set closest to the unknown sample. Therefore,
the unknown sample may be classified based on the
classification of this nearest neighbor [18].
In this paper, we propose an efficient false alarm
motion detection method for surveillance system. In
the method, motion estimation and classification are
proposed to detect the sway events of external objects
that have disturbed visibility.
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Fig.1 The essential infrastructure of an
intelligence surveillance system.

Methods
We use f(x,y,k) to represent a digital video, where x
and y are the row and column indices and k is the frame
number. The frame rate is typically stated in frames per
second (fps).

Motion Estimation
Motion estimation is the process of analyzing
successive frames in a video sequence to identify objects
that are in motion. It plays the most important role in
video processing. The motion of an object of a video
sequence is usually described by a two-dimensional
motion vector, which encodes the length and direction of
motion [20]. Many two-dimensional motion estimation
algorithms are based on the concept of optical flows
that can be defined as the pattern of apparent motion of
objects. Optical flows in an image are used to represent
only those motion-related intensity changes in the image.
Of course, the aim is to determine an optical flow that
corresponds closely with the true motion field.
Optical flow computations are based on two
assumptions [21]:
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1. The observed brightness of an object is constant
over time. This is referred to as the constant
intensity assumption.
2.Points that are spatially close to one another in the
image plane tend to move in a similar manner (the
velocity smoothness constraint).
The two-dimensional motion estimation techniques
aim at encoding motion information from intensity and
color values. They estimate and describe the motion
between two frames. f(x,y,t1) is called the anchor frame
and f(x,y,t2) is refer to as the target frame. The anchor
frame may be either before or after the target frame
in time. When t2>t1 , it was called as “forward motion
estimation” , and “backward motion estimation” where
t1>t2 A motion vector d(x)=[dx,dy]T will represent the
displacement of a particular point (x,y) between time t1
and t2. Fig.2 illustrates these concepts and associated
notations.
Backward motion estimation
Target frame

Anchor frame

Target frame

1.Global: The region of support is the entire frame
and a single motion model applies to all points
within the frame. This is the most constrained
motion model, but it is also the one that requires
fewest parameters to be estimated. Global motion
representation is often used to estimate camerainduced motion, such as the apparent motion caused
by camera operations such as pan or zoom.
2.Pixel-based: This model produces the densest
possible motion field. The motion vector at each
pixel is to represent the 2D displacement of that
point across successive frames. A smoothness
constraint between adjacent motion vectors is
often employed to ensure a more coherent motion
representation. The computational complexity of
pixel-based methods is high.
3.Block-based: Each entire frame is divided into nonoverlapping blocks which are, for example, 8x8
pixels. A motion vector is estimated for each block.
The motion vectors represent the motion associated
with the block.
4.Region-based: The entire frame is divided into
irregularly shaped regions. Each region corresponds
to an object of sub-object with consistent motion.

Forward motion estimation

Fig.2 Anchor and target frames in forward and
backward motion estimation [21].
There are two main categories of motion estimation
approaches:
1.Feature-Based Methods: Establish a correspondence
between pairs of selected feature points in the
two frames and attempt to fit them into a motion
model by using least-squares fitting. Feature-based
methods are more often used in applications such
as object tracking and 3D reconstruction from 2D
video.
2.Intensity-Based Methods: Rely on the constant
intensity assumption described earlier and approach
the motion estimation problem from the perspective
of an optimization problem.
As shown in Fig.3, motion representation methods
vary in terms of the region’s size of support, which can
vary among the following four types [21]:

(a)

(b)

(c)

(d)

Fig.3 Motion estimation methods: (a) global; (b)
pixel-based; (c) block-based; (d) object-based.
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We propose an efficient false alarm motion detection
method for surveillance systems. The method is based
upon a selected subset of block-based motion estimation
algorithms. In these algorithms, a frame is divided into
M non-overlapping blocks. Moreover, the motion in
each block is assumed to be constant and the entire
block undergoes a translation that can be encoded in an
associated motion vector. The problem of block-based
algorithms is to find the best motion estimation for each
block. The horizontal and vertical components generated
one motion vector for each block by using HBMA [18].
HBMA is a multi-resolution motion estimation
algorithm. The anchor and tracked frames are each
represented by a pyramid. Motion vectors of blocks in
each level of the pyramid are estimated. In HBMA, a
search is made for each block in the current frame to find
the best matching block in a reference frame. It works by
first estimating the motion vectors in a coarse resolution
using a low-pass filtered that down-sampled frame pairs.
It then proceeds to modify and refine the initial solution
using successively finer resolutions and proportionally
smaller search ranges. The concept of the pyramid
structure is shown in Fig.4. The resolution is reduced by
half in both dimensions between successive levels [18].
We summarize HBMA as follows.

of the anchor and tracked frames be represented by
,
,
, where
is the set of pixels at level l.
The process when the spatial resolution is reduced by
half both horizontally and vertically at each increasing level of
the pyramid. Here, the same block size is assumed at different
levels, so that the number of blocks is reduced by half in each
dimension. Set the motion vector for block
at level l
be denoted as
. Starting from level l>1 , first to find
the motion vectors for all blocks in this level
. At each
new leve l>1 , for each block, its initial motion vector
is interpolated from a corresponding block in level l>1 by [18,
22-23]
, (1)
where u represents the interpolation operator. Then
a correction vector
estimated motion vector

is searched, yielding the final

, (2)
Note that using a block width N at level l corresponds
to a block width of 2L-1N at the full resolution. The same
scaling applies to the search range. Therefore, search range at
different levels by using the same block size. Reduce a larger
search range in the beginning of the search by half in later
steps. The number of operations involved in HBMA depends
on the search range at each level. If the desired search range
is R in the finest resolution. With a L-level pyramid, one can
set the search range to be R/2L-1 at the first level. For the
remaining levels the initial motion vector interpolated from
the previous level that is usually quite close to the true motion
vector. The search range for the correction vector does not
need to be very large. We assume every level uses a search
range of R/2L-1. If the image size is M X M and block size is
N X N at every level, the number of blocks at the l-th level is
(M/2L-1N)2 and the number of searches is (M/2L-1N)2 X (2R/2L1+1)2. Because the number of operations required for each
search is N2. The total number of operations is

Fig.4 The pyramid structure of the hierarchical
block matching algorithm [18].

, (3)
In Fig.5, we illustrate two frames of size 32 X 32,
in which a gray block in the anchor frame moved by a
displacement of (13,11). How to use a three level HBMA to
estimate the block motion field is presented. The block size
used at each level is 4 X 4. Starting from level 1, for block (0,0),
the motion vector is found to be d1,0,0=d1=(3,3).
When going to level 2, for block (0,1) is initially assigned

Assume that the number of levels is L, with the l-th
level being the original image. Let the l-th level images

the motion vector of
.
Starting with this initial motion vector, the correction vector
is found to be q 2 =(1,-1). Leading to the final estimated
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motion vector d 2,0,1 =d 2 =(7,5). Finally at level 3,
block (1,2) is initially assigned a motion vector of
. Wi t h a c o r r e c t i o n
vector of q3=(-1,1), the final estimated motion vector is
d3,1,2=d3=(13,11).

of its nearest neighbor samples. Given an unknown
sample and a training set, all the distances between the
unknown sample and all the samples in the training set
can be computed. The distance with the smallest value
corresponds to the sample in the training set closest to
the unknown sample. Therefore, the unknown sample

Fig.5 An example of using 3-level HBMA for block motion estimation [18].
The block motion vector is then estimated from the
position difference between the two matched blocks.
However, the block-matching block algorithm suffers
from a high computational cost and high memory
requirements. HBMA is used to reduce the computational
cost. The HBMA algorithm strikes a compromise
between execution time and quality of results.

Motion Vectors Classification
The k-NN methods is one of the data classification
techniques. It tries to classify an unknown sample
based on the known classification of its neighbors. A
set of samples with known classification is available,
so called the “training set”. Intuitively, each sample
should be classified similarly to its surrounding samples.
Therefore, if the classification of a sample is unknown,
it could be predicted by considering the classification

may be classified based on the classification of this
nearest neighbor.
However, this classification rule can be weak,
because it is based on one known sample only. It can be
accurate if the unknown sample is surrounded by several
known samples having the same classification. Instead,
if the surrounding samples have different classifications
as the unknown sample is located amongst samples
belonging to two different classes, the accuracy of the
classification may decrease. In general, the classification
rule based on this idea simply assigns to any unclassified
sample the class containing most of its k-nearest
neighbors [19]. This is the reason why this method is
referred to as k-NN. If only one sample in the training
set is used for the classification, then the 1- nearest
neighbors (1-NN) rule is applied.
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In this section, the k-NN classifier is presented as
the basics classification techniques. We have learned
so far that event’s properties with motion vectors can
be represented in feature space. If the features used to
represent the camera tampering are properly chosen, the
resulting points in the n-dimensional feature space will
be distributed and to correlates proximity in the feature
space with similarity among the approximate events. In
other words, feature vectors associated with the events of
camera tampering from the same class will appear close
together as clusters in the feature space.
The choice of k is essential in building the k-NN
model. In fact, k can be regarded as one of the most
important factors of the model that can strongly influence
the quality of predictions. One appropriate way to
look at the number of k is to think of it as a smoothing
parameter. After selecting the value of k=2, we can make
predictions based on the k-NN examples. For regression,
the k-NN prediction is the average of the k-nearest
neighbors outcome.
, (4)
where yi is the i-th case of the examples sample and
y is the prediction of the query point.
Fig.6 provides a sketch of the k-NN algorithm. The
distance function plays a crucial role in the success of the
classification. The most desirable distance function is the
one for which a smaller distance among samples implies
a greater likelihood for samples to belong to the same
class. The important factor is the choice of the value for
the parameter k. this is the main parameter of the method.

for all the unknown samples

UnSample(i)

for all the known samples

Sample(j)

compute the distance between

UnSamples (i) and Sample(j)

end for
find the k smallest distances
locate the corresponding samples

Sample(j1),…,Sample(jk)

assign UnSample(i) to the class which appears more frequently
end for

Fig.6 The k-NN algorithm [19].

Elongatedness
Elongatedness is a ratio between the length and
width of the region bounding rectangle. This is the
rectangle of the minimum area that bounds the shape,
which is located by turning in discrete steps until a
minimum is located, see as Fig.7, where a is the width
and b is the length of minimum located rectangle [21].
In this paper, we apply elongatedness to classify the
vehicles.

b

a

Fig.7 Elongatedness: bounding rectangle
gives acceptable results [21].
The flowchart of the proposed method is illustrated
in Fig.8. First, frames are captured from a digital video.
For each frame pair in the forward motion estimation
method, the 1 st frame is depicted as an anchor frame
(reference frame, which recorded in earlier times) and
2 nd one is as an target frame. Second, we implement
the exhaustive HBMA. Complete this task for each set
and video sequence. The statistical evaluation of the
distribution of motion vectors is implemented in the
following step.
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Motion detection using HBMA
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Fig.8 The flowchart of the proposed method.

Experiments
We use the video data from surveillance systems
of Kaohsiung city. Fig.9 shows an example of using the
HBMA algorithm. Fig.9(a) and (b) show the anchor and
target frame, respectively. Fig.9(c) shows the motion field
overlapped on the anchor frame. In the motion block,
the changed characterizations are described by a twodimensional motion vector. These motion vectors encode
the length and direction of motion. The frame size of

this example is 320 X 420, and the HBMA parameters
N=16, R=32. Fig.9(d) shows the result with different
parameters N=8, R=16. The number of motion vectors
is a multiple of 22 of Fig.9(c) and produce more complex
motion vectors. Fig.9(e) draws the distribution of motion
vectors from Fig.9(c). From Fig.9(e), it is difficult to
estimate the pattern of object motion and determine what
kind of event of camera tampering.
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Anchor Frame

Target Frame

(a)

(b)

Motion vectors

Motion vectors

(c)

(d)

(e)
Fig.9 An example using HBMA: (a)the anchor frame; (b)the target frame; (c)the motion field overlapped on the anchor frame;
(d) the result with different parameters; (e) the distribution of motion vectors.
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Fig.10 and Fig.11 show the motion detection results
by using HBMA. Fig.10 illustrates a sequence of frames
that were captured from motorcycle’s video. From the
distribution and pattern of motion vectors, we can decide
there is a motion object. Fig.11 illustrates a sequence

of frames that were captured from a video with leaf
disturbance. As the distribution and pattern of motion
vectors, we can decide the "motion" is caused from the
variation of the background image.

Fig.10 A HBMA example with a sequence of frames captured from motorcycle’s video.

Fig.11 A HBMA example with a sequence of frames captured from leaf’s video.
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In Fig.12, there are two motion objects (a
motorcycle and a leaf) in the frame. It was apparent
that the motorcycle moved toward the left side and
leaf swayed with a narrow range. From the statistical
distribution and pattern of motion vectors, we can
see the direction distribution of vectors is in a regular
pattern, while the direction distribution of the leaf area
is irregular. In this situation, we can discriminate camera
tampering event from these motion vectors.

When a quick-moving “noise” object (not cars or
motorcycle) appears in a monitored frame, the proposed
method can work well. Fig.13 shows a banner swaying
in a video. From the statistical distribution and pattern of
motion vectors, we can see the direction distribution of
vectors is irregular.

Fig.12 HBMA example: (a)anchor frame; (b)target frame; (c)the motion estimated result.

False Alarm Motion Detection 11

Fig.13 An experiment of the sway detection of abanner.
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Based upon HBMA and the edge features of a
motion object, we can use elongatedness to locate
the position of the motion object. We illustrated this
experiment with Fig.14. Fig.14(a) shows the location
results of a motorcycle by using elongatedness. Fig.14(b)
shows the direction of the motion object. As Table 1,

the ratio of the height to width is between 1.65 and 1.8.
Fig.15 shows the location results of cars. The ratio of
the height to width is between 0.65 and 0.83 as Table
2. Since the ratios of a car and a motorcycle are quite
different, we can use the result to classify them. Fig. 16
shows the classification result.

(a)

(b)
Fig.14 The result of a motorcycle location: (a) the sequence of frames with a motorcycle;
(b) the direction of the moving motorcycle by motion estimation.
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Table 1: The geometric values of the location regions of Fig.14.
Sequence

1

2

3

4

5

6

7

Width

76

81

83

86

90

91

95

96 100 105

109 113 111

113 115

Height

137

152 153 161

163 170 179

183 187 189

189 195

Ration

141 145 145

8

9

10

11

12

13

14

15

1.80 1.74 1.75 1.69 1.69 1.68 1.69 1.70 1.70 1.70 1.68 1.65 1.70 1.67 1.70

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

Fig.15 The location results of cars.
Table 2: The geometric values the location regions of Fig.15.
Image

1

Width

190

231 195 203

216 226 192

172 235 216

244 184 220

230 190

Height

144

170 139 143

177 157 146

122 152 164

202 137 175

189 144

Ration

2

3

4

5

6

7

8

9

10

11

12

13

14

15

0.76 0.74 0.71 0.70 0.82 0.69 0.76 0.71 0.65 0.76 0.83 0.74 0.80 0.82 0.76

Fig.16 The location results of cars and motorcycles.
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Conclusions
In this paper, we propose an efficient false alarm
motion detection method for surveillance systems.
The method can be used to improve on-line and offline functions of surveillance systems. As experiments
results, vehicle location and classification can be applied
as false alarm motion detection and traffic count in online systems. Off-line systems can apply these techniques
to license plates recognition for crime investigation. The
method is based upon HBMA and the k-NN classifier.
From our experiment results, the proposed method is
feasible in practical applications.
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