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Abstract. A novel algorithm based on background modelling and active contour model is proposed
for moving object edge detection. Firstly, it usesthe background modeling to compl ete moving object
detection, then it uses quad-tree decomposition method to contain the corresponding to the
foreground image, through the data distribution density of the sparse matrix, calculates the seed
points corresponding to the regions which are containing the moving object. Finally, starting from
these seed points, it executes the active contour model in parallel to complete the multiple moving
objects edge detection. Experimental results show that the proposed algorithm can effectively obtain
the object outlines of multi-moving objects and the edge detection results are close to the judgment of
the human visual, parallel contour extraction makes our algorithm has good real-time.

I ntroduction

With the computer hardware and software technology continuesto mature, avariety of multimedia
technology beginsto flourish, so does the network video monitoring system. In order to deal with the
massive recorded video content, it requires an intelligent video surveillance system to analyze the
critical object automatically. Currently, main methods of moving object detection are background
subtraction [1], frame difference method [2, 3] and optical flow method [4, 5], etc. At present,
methods which can be used to light illumination and background slow changes are Kalman filtering
and Gaussian mixture model [6, 7]. On the basis of background modeling, the edge detection of the
moving object for further feature extraction and object recognition should be the foundation for
intelligent processing. Algorithms based on active contour model [8, 9] are effective methods for
edge detection.

This paper proposes a new moving object edge detection algorithm. First, it uses sample statistics
of adjacent video frames and Chebyshev inequality to detecting the pixel which consists of the
significant background or foreground characters. Secondly, by using the threshold method to
complete moving object detection. If there are multiple moving objectsin the foreground image, it is
also necessary to localization the objects for the moving object detection. Finally, we introduce
position seed into active contour model and propose a novel edge detection algorithm based on
background modeling and distance model to compl ete the moving object edge detection effectively.
Here for position seeds we use the quad-tree decomposition and sparse matrix block operation for
multiple moving objects position detection accurately.

The contents of this paper are organized asfollows: in Section 2, we explain the related work of our
algorithm, including quad-tree decomposition and active contour model. Section 3 describes the
proposed algorithm in detail. Section 4 provides the experimental results and the analysis. Finaly,
there are conclusion and references.

Related work
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Active contour model is an effective object contour extraction method. Kass [10] proposed active
contour model known as the traditional Snake model, which is a semi-interactive algorithms, the
basic ideaisthat: fish set aclosed draw in advance, which is close to the true contour curve, then the
energy function through the introduction of the internal forces and external forces, making theinitial
contour changing, eventually converge to the contours of the object.

In traditional Snake model, parametric equation of contour curve C can be expressed as:

v(s) =[x(s), ¥(s)],s€ [0,]] 1)

Wherein: v(s) is the two-dimensional coordinate point on the curve, and s is a normalized arc
length. The energy of contour curvec is defined as:

B = f:[Em (U(8)) + B roge (U(8)) + By (MNNAS=E + E, o + B 2

Intheformula(2), g, istheinternal energy, E, .. isthe energy generated within the image itself,
E,. iStheexternal energy generated by outsiderestricting force. Theinternal energy makes control of
the smoothness and continuity for the contour curvec . The internal energy E,, may be further
described as follows:

E, (Y(9) = ((9)|v, ()] + BOV(9) /2 ©)
E e My be further described as follows:
E ege = | V(G, #1)(X(9), Y(9))| 4

In the formula (4), V isthe gradient operator, G, is atwo-dimensional Gaussian function with the

standard deviation of o and | isthe image pixel gray value.
Contour curvec is directed by external energy E,, towards the object boundary, E,, can be

defined as:
E.. =—|VI(x y) ©)
Strike a contour is transformed into solving of E_,. minimum vaue. According to the variational

principle, get an Euler-Lagrange equation as follows:
0°v
0

Traditional Snake model has the following difficulties: very sensitive to the location of the initial
contour; for the depth of recessed area, the contour isalso difficult to converge to the boundary. Many
improved model for the inadequacies of the traditional active contour model have proposed. For
example: Cohen [11, 12] proposed balloon force Snake model and distance model. Xu [13] proposed
a gradient vector flow (GVF) model which has made gradient information extended farther uniform
areathrough diffusion equation and made theinitial contour (away from the boundary of the object)
convergeto the true boundary of the object. Shen [9] integrated the image global information into the
balloon force Snake model, and relaxed the restriction on the position of the initial contour, to some
extent overcome the weak boundary |eakage disadvantages.

In order to solve the problem of moving object edge detection, we consider using the active
contour model to determine the outline of the object. The active contour model convergence results
are subject to theinitial contour position, so in this paper, the corresponding regional seed of different
moving object is introduced into the active contour model, the initial contour of the active contour
model is set around the different moving object, convergence of different moving object outline line,
and ultimately achieve the purpose of the edge detection of multiple moving objects.

(9 2+ B9 S+ VEL (V) =0 6)

The proposed algorithm

In this section, we describe the proposed algorithm in detail. The algorithm uses pixel intensity
(greyscale or colour) as the basic feature for the background modelling and video moving object
detection. Let X, X,,---, X, be a sample of adjacent N-frame video images, the location of the pixel in
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the image is marked as(,j), X(,j). %@ j).--X(,]) represent the pixel gray values in the given
position(i, j) for these images. The proposed algorithm is asfollows:
(1) Calculate the sample mean X (i, j) and sample second-order centre distance s(, j) for each pixel.

X, 1)= 3 X 1), S 1) =3 06D - X Y ™
k=1 k=1

Here set i, j) = X (i, j) and 6%(i, j) = SG, ) -

(2) Caculates (i, j) = (X, (i, ) - X(i, j))*> and select the right thresholdsT,, T, to classify the pixel as
background point or foreground point or suspicious point using the following formula:

M, n:{(l) ((11 ‘;kk (('I JJ))//gg )) <TT £ =1.4146 (9)
WhenM, (i, j)=1, the pixel is classified as background point. WhenM.(, j)=0, the pixel is classified
as foreground point. The pixel is classified as suspicious point When T,<(1-6,%(, j)/€°) <T,, for
suspicious point we use density estimation method for further discrimination.
1(><k X;)?

(4) Cdculate P(X,)=— Z\/_A ¢*  for suspicious point, set threshold T, and
276°

classification function:

26 yv_J1 R(X)=T,
M (i, )) = 2
{0 R(X)<Ts (9)

WhenMZ(i, j) =1, the suspicious point is identified as a background point. WhenMZ(, j)=0, the
suspicious point isidentified as foreground point.
(5) Update the background pixel value using the following formula:
B 1) =3, X, ) MEG. ), S =S MEG D), (e K
B (i, j)=ixk(i,j)‘Mf(i,j), Sumy =Z'j‘,'\/|f(iyj), (i,HeK
Bu (i, i) +B(, ) o z
, , KuK
s ey VR (10)
Here, B, (i, j) means the pixel value in the position(i, j) of the background image (marked asB,,)
for the sample X, X,,--- X,,, K isacollection of suspicious point location.

(6) Complete the foreground image segmentation through background subtraction method. These
foreground images are marked asF, (k=12,---,N). T,,T,are empirical values, generally based on the

specific test data to select.
Fk(I,J):{;(El:EEIIJ) ))((k(.IIIJ)_BN(-Iv.J)Z-I;
(1) =By(, 1) <T,
(7) Get the corresponding sparse matrix D, (i,j) of the image F (i,j) through quad-tree
decomposition. The sparse matrix D, (i, j) has the same size of the imageF (,j) .The non-zero

elementsin the sparse matrix is able to describe the size of the area eligible decomposition consistent
standard. For example, if D,(1,1) =16, it meansthat in theimageF,(, j) , vertices of arectangular region

of pixelsF,(12), F,(116), F, (16,1 and F,(16,16) meet the quad-tree decomposition consistency standards

in pixels, i.e. the difference gradation of each pixel in the area does not exceed a certain threshold
value, and the size of the region is16x16 .
(8) Start from the top left corner of the matrix D, (i, j), mxmbeing a size standard, the sparse

matrix D, (i, j) is divided into a number of small-area block, in each smal mxm block region,
calculate the number of element 1 in the block matrix (marked asN,, ), and set the threshold value
asT_,,ifN_>T_,, marking such block matrix ass”(w=12,---,Q,), here Q, represents the number of

position detection points of the moving object obtained in the foreground image.
(9) For each s, calculate the position coordinates of the detection points marked asseed“(x,,V,) :

B, (, )=

(k=12-,N) (11)
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%, {zx /NmJ,vw {zy /NJ (12)

Here (x,y) isthe position coordinates of the element 1 inthes”, (x,,vy,) iSthe average coordinates
of all element 1inthes”.

(210) For eachseed“(%,,V,) , calculate the contour curve C can be expressed as:

{ XS =R, MOS8, 9 = [x(9, y(sll, s [0.1 (13)

y(s)=Yy,+msins

Here we introduce regional seed seed”(X,,y,) into active contour model to complete the initial
curve set. As can be seen, theinitial curve is set as a circle line which center is seed”(X,,v,) and the
radiusis m.

(11) Calculate the distance between each pixel and the nearest edge point in theimageF (i, j), and
the distance is marked asd(i, j) .Define the Potential energy function:

Py (i, j) = —exp[-d(i, j)°] (14)

Its potential field is-VP,(i, j) , set this potential energy function as a contour external energy, that
ISE_, = P,(x,y). External force for the distance model iSF,, =VE_, =VP,(xy). It is substituted into
equation (6).Using distance potential model, making initial curve converges to the moving object
contour, complete the edge detection of moving object.

The proposed algorithm uses Background Modelling, applies quad-tree decomposition to get the
corresponding Sparse Matrix of foreground image, and introduces regional seed seed”(X,,y,) into
active contour model to complete the initial curve set.and finally takes use of Distance Model for the
edge detection of moving objects, so the algorithm is named as BMDM.

Experimental results

Thisarticle usesthe Intel (R) Core(TM) 2 CPU 6300@1.86GHz, 1GB memory Personal Computer,
in Matlab7.0 platform for experiments. The video images are captured from 336x448 traffic
surveillance video. Generally we get the adjacent 20 to 30 framesfor experiment. Three frame images
for examples are shownin Fig 1.
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Fig 1. Surv es

Background modeling and foreground image extracting experimental results are shown in Fig 2
and Fig 3. The value of £ changes between 6 and 2, in the experiment, we set the threshold of
T, changes between 0.5and 0.7, T, changes between 0.1 and 0.4. Different experimental results
corresponding to threshold N andT,, T, T, different settings are shownin Fig 2. Compare Fig 2-(a) and
Fig-2- (d)), it can be seen that the background image can be timely updated. I the state of the object is

change (from the rest state to the moving state) the background modeling algorithm can effectively
deal with this situation. It has a good real-time.
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Fig 2. Background modeling experimental results
According to the different real-time background, foreground image can be obtained
correspondingly, as shown n Fig3. These forround images contains more mv ng objects.
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Fig 3. Fore-ground image extraction
The proposed algorithm can get satisfactory moving object segmentation image, the experimental
results of quad-tree decomposition for those foreground images are shown in Fig 4-(a), (b), (c), (d).
Set m=32T_, =32 and do the sparse matrix block statistics, obtain the position coordinates

corresponding to the different moving object. The experimental results of image-1 are shown in Fig

4@, (0. (9. (.

(b) Image -2 (c) Image -3 (d) Image -4

(e) Position detectlon (f) m=32T_, =32 (g) m=16,T_, =12 (h) m=64,T_, =55
Fig 4. Quad-tree decomposition and position detection
As can be seen from Fig4- (f), (g), (h), sparse matrix block size mxmand the threshold valueT_,
can determine the density of the moving object position calibration. These two values should be set
related to the size and the number of the moving objects in the foreground image. More moving
object, the value of mxmshould be smaller, while adjusting the threshold valueT__, which should be

smaller than the value of m. The corresponding regional seed of different moving object isintroduced
into the active contour model. The initia contour of the active contour model is set around the
different moving object, convergence of different moving object outline line. Based on the distance
model, moving object edge detection experimental results are shown in Fig 5.
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Fig 5. Multi-object edge detection of BMDM algorithm
In order to test the effect of BMDM algorithm for edge detection,we choice the traditional snake
model, balloon force snake model and GV F-Snake model as the comparison algorithm. Different
algorithms experimental results are shown in Fig 6.

(c) Edge detection based on balloon force snake model (d) Edge detectl on based on GV F-Snake
model
Fig 6. Comparison of different algorithms edge detection

From Fig 6, it can be seen that the proposed BMDM algorithm using distance model can get
ideal boundary curve, Edge detection is better than the traditional snake model, balloon force snake
model and GV F-Snake model. The traditional snake model can not converge to severe depression
boundary, balloon force snake model has boundary overflow, and the boundary got through
GV F-Snake model vary greatly from the true. BMDM agorithm(regiona seed-based) makes parallel
multi-obj ective edge detection, and it has strong real-time to adapt to the monitoring system.

Conclusion

In this paper, relating to the moving object edge detection we proposed the BMDM algorithm. The
BMDM algorithm uses background modelling, and applies quad-tree decomposition to get the
corresponding sparse matrix of foreground image, and finally takes use of distance model for the
moving object edge detection. First we calculate the characteristic values (the sample mean and
sample variance) for each pixel of the sequence of video frames, then we set and adjust the
thresholdsT,, T, T, based on experimental data, through background modeling, obtain the foreground
images. Finally through sparse matrix block computing get the multiple moving objects position
seeds, we introduce these location seeds into distance model, and complete the moving object edge
detection. The experimental results show that the moving object edge detection results of the BMDM
algorithm are significantly better than the traditional snake model, balloon force snake model and
GVF-Snake model. The ideal edge detecting result makes the BMDM algorithm is more suitable for
intelligent video surveillance system.
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