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Abstract

As a kind of critical information in images and computer vision tasks, contour has a
general application due to the robustness to illumination. However, it is far from meeting
the current requirement because of expensive computation and noise in the real-world
application. This paper proposes a novel approach of extracting contours in images.
Firstly, we can obtain the salient points on the target contour by use of the accuracy
property of Chord-to-point distance under combination of an ellipse model method. Then,
a hyperbolic curve segment is used to fit the salient points, which can represent the target
contour. The extensive experiments show that our method has better robustness and gives
more exact approximation to the original target contour. Our work provides more
selections for the practical application of contour completion.
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1. Introduction

Contour can efficiently represent image structures with large spatial extents.
Compared to other image cues, the shape contour is invariant to lighting conditions and
variations in object color and texture. In recent years contour has attracted more and more
attention in computer graphics, visualization and computer vision. There mainly exist two
important stages in the process of extracting contour in an image: extracting the key
points and fitting the curves based on the extracted points. On one hand, in the previous
work, many researchers [15, 16] have studied how to represent contour with small
amount of points through improving the accuracy of extracting points; on the other hand,
the other researchers focus on the robustness of extracting the contour.

On the basis of many contour representations and description techniques developed in
the past, a number of new techniques have been proposed in recent years. Chain code
[15-17] describes an object by use of a sequence of unit-size line segments with a given
orientation, which usually has high dimensions and is sensitive to noise. Hausdorff
distance is a conventional method based on correspondence shape matching, and it has
been often used to locate objects in an image and measure similarity between shapes
boundary information. Shape matching approach with Hausdorff distance is also sensitive
to slight variations and noise [9, 10]. Except for high matching cost, shape signatures are
sensitive to noise, and the large errors in matching may be caused by slight changes in the
boundary.

Therefore, it is an undesirable method to make use of a shape signature to directly
describe shape; in order to increase its robustness and reduce the matching load, a further
processing is necessary. For example, a shape signature can be simplified by quantizing
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the signature into a signature histogram, which is rotationally invariant. The scale space
analysis is applied in consideration of problem of noise sensitivity and boundary
variations in most spatial domain shape methods [7-11]. The scale space representation of
a shape is created by tracking the position of inflection points in a shape boundary
filtered by low-pass Gaussian filters of variable widths. However, the inflection point
always deviates from the real position of the points due to the Gaussian filter [12, 13, 18].

In order to extract the more exact points, Y. Zheng et. al, proposed an approach by
computing topological persistence for a function defined on a Jordan curve in [14].
However, their method can’t have a better performance due to a fixed threshold if the
robustness to noise and clutter is considered. Compared to the topological persistence
method in [14], the method of extracting salient points has a better performance under the
same condition.

Moreover, because of various local variation and noise as well as different amounts of
possibly smoothing parameters, only one variance parameter value may not be suitable
for all curves of the same length. As a curvature estimation technique, the multi-scale
detector based on chord-to-point distance accumulation (CPDA) can overcome these
problems [4]. The primary advantage of the CPDA is that the application of any
derivatives can be avoided; besides, it is less sensitive to local variation and noise to
select the chord-length L. The experiments indicate that it is more robust than the existing
CSS-based detectors [4, 6, 7]. However, it is an expensive operation due to the fact that
the CPDA detector [4] estimated the CPDA curvature value at each point of a given
curve. It will be a suitable selection if we can find a method to decrease the number of
candidate points. Consequently, we can see that the computational cost of the CPDA
detector by this way can be reduced considerably.
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Figure 1. Corner Points Extracted by Fast CPDA

Our major contribution is the novel and practical contour completion approach in
images which includes two stages. Firstly, we demonstrate the extraction salient point
method by combining the CPDA technique and the model of ellipse planar curve through
which an adaptive threshold is provided to improve the discriminative power in various
situations. Secondly, we fit hyperbolic planar curves based on the obtained salient points
by use of the least-squares method, so that the symmetry and asymmetry planar curve
segments can be processed appropriately.
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This paper is organized as follows: Section 2 describes salient extraction approach;
Section 3 presents an application of fitting curve method between adjacent salient points;
the experimental results are discussed in Section 4; the final conclusion is given in
Section 5.

2. Salient Point Extraction

Salient points consist of corner points and obtuse vertexes. It can be seen from Figure
1, that the corner points only realize a poor representation of shape structure. An ellipse
method shall be used to find more key points on the planar curve [5]. The process of
extracting salient points is as illustrated in Figure 2. Firstly, an original curve is processed
by use of distance function with two different parameters ol, 62 which represent
Gaussian smoothing scale. Then the candidate points can be obtained and the chord-to-
point distance is computed with each candidate point and it is able to obtain a set of
corner points with filter. Finally, the ellipse planar curve model is applied to find the
obtuse vertexes on the curve fragment between the adjacent corners.

Find candidate point Compute chord-to-point distance Find planar Curve vertex
with ellipse planar curve model

Figure 2. Algorithm Flow Chart of Extracting Salient Points

2.1. Precise Detector by Use of Chord-to-Point Technique

The CPDA detector works in four major steps, as discussed briefly in the following
subsections. All chosen parameter values are decided based on existing work and
empirical study [1, 5]. Firstly, there are edge extraction and selection processes, that is to
say, the Canny edge detector is used to extract planar curves from the grey image.
Secondly, Gaussian convolution operations with different variances are conducted on the
curves to smooth it. Thirdly, as the critical factor, the accumulation curvature estimation
is used from a moving chord along a curve to each point on the curve. Lastly, it is
required to refine the candidate corner set and remove the false corner.

However, the seeking process is complicated with high computational cost, for all
points on the curve need to be processed. In order to reduce the spending time, it is
considered to apply a method to simplify the process of each point. Through
improvement of CPDA it is able to obtain a set of probable candidate points before
CPDA curvature estimation. The basic step is to choose the critical points. Awrangjeb et
al. find the difference of the distance between a point on an original curve and the
corresponding point on the smoothed curve, when an original curve is smoothed by
Gaussian [1]. It can be seen at left most in Figure 2, that the distance becomes higher and
vice versa when the point is nearer the position of corner.

As a result, Awrangjeb et. al., viewed the maxima of the distance function as point-to-
point distances between the original and smoothed curves, on which the points are the set
of the candidate points [1]. The curve segments are actually smoothed by two Gaussian
filters with different scales ¢,o2 (where cl<&2) in [1] due to the complicated local
variations and noise. Then we can find the maxima as the candidate points, which are the
differences of corresponding locations on the two smooth curve segments. In the formula
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L&) =(x(0),y(@) , L(O) is a digital boundary curve in the image, and
(x(0), y(0)) are the points on the curve,

L(6,0)®G(0,0) = (x(6) ®G(6, 5), y(0) ®G(6,5)) , 1
where ® is defined as a convolution operation and Gaussian function is
_g?
G(0,0) = 1 exp ot , )
270’

where O is used as the smoothing-scale; therefore, the distance function is

Fy (t, Oy, 0_2) =[x(t) ®G(t, o'z) —-X() ®G(t, 0-1)]2

Hy(t) ®G(t, o,) - y(t) ®G(t,0'1)]2. 3)

2.2. Ellipse Planar Curve Approximation
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Figure 3. Left: Corner Points (Green) Extracted by Fast CPDA. Light:
Obtuse Vertexes (red) by Ellipse Methods. Green and Red Points are
Composed of Salient Points Proposed

It can be seen from the above, that all the works which have been done is to extract
corner points. Generally, a well defined corner shall have a relatively sharp angle. In this
paper, our task is to abstract the boundaries of image; however, the mere sharp corners
are not enough to approximate the boundaries. In order to search for the obtuse vertex on
the original curve between each adjacent corner point at the right most in Figure 2, an

ellipse model approximation is applied [5]. An ellipse f (x) =[b? —(bx/a)*)*?] with
a and b be the minor and major axis respectively is given. When the curvature K of
the vertex (0,b ) meets the threshold constraint, we regard the vertex as an obtuse vertex,
which is needed to approximate the boundary better. The curvature function K(x) is
given as follow:

ERANC]
KX 1+ F ()2

B ba’
T [(bx)? —(ax)? +a*]¥?

As a result,

(4)

Kmax = K(O)I b/azl Kmin = K(a) =a/b2_
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It is not enough to describe the boundary structure with the corners on the curve while
there are various round arcs. In order to better approximate the contours, an ellipse
approach is proposed to find the obtuse vertexes in Figure 3[5]. But different from [5],
for finding local extreme points on curve fragments, we will find the vertex on curve
fragments between two adjacent points. The global curvature characteristic of the
neighbors is considered. In order to stably distinguish the obtuse vertex from the single
point curvature, we find obtuse vertex in the region of support, which is to compute the
area under the curve ranges from a value.

From [5], via the sum of point curvature range of curve segment, we can decide
whether it is an obtuse vertex compared to an adaptive threshold. The integral is shown
as follow,

bx
[(b?—a®)x*+a’]¥?

From all the above, we can obtain corner points and obtuse vertexes, both of which are
called salient points. As shown in Figure 4, the corner position of the smoothing curve
deviates from the original position by use of CSS approach with different ¢ of Gaussian,
and CPDA can give a stable result at the position with various chord length L s. In order
to find the vertex between adjacent corners [5], we can utilize a threshold T , with
T =R*K, which is a linear relationship with K . In this paper, we can see K(x) oc K,
approximately in Figure 4; therefore, we use the curvature K (t) of CPDA rather than
K(x) of CSS due to its better robust property in our approach, thus the form
T =R*K_ can be obtained. As can be seen in Figure 5, the shape contours are
reconstructed accurately by using salient point method compared to [14].

j K (x)dx = (5)

3. Fitting Curves between Adjacent Salient Points

In this section, our task is to fit the planar curve segments between the adjacent salient
points. After extraction of the contour segments, it can be seen that these planar curve
segments are symmetrical or asymmetrical. However, most of them are asymmetrical.

Y. Zheng et. al., [14] used circle arc fragment to fit the segment which would give
large fitting error due to it is symmetry. In order to alleviate this problem, we observe
that the fitting error of the symmetrical or asymmetrical planar curve can be reduced by
use of the hyperbola when approximating the planar curve segments.

As we know, the general form of hyperbola is given as follow:

AX® +Bxy +Cy* + Dx+Ey+F =0
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Figure 4. Curvature with Multiple scales Processed. Top: Original Image.
Middle: Curvature with CSS. Bottom: Curvature with CPDA

In our case, we assume that x, Y are non-zero variables, thus the following formula
can be obtained:
E F

A§+B+Cl+2+—+—:0.
y Xy X Xy

Giventhat A=C =F =0, we have

1 -B E1
S=—-—= (6)
y D Dx
L ) 1 1 -B -E T
This is also a hyperbola. Given —=u, —=v,t,=— ,t =—and t=(t ,
yp y X "= t D (ot1)

the nonlinear problem is transformed into a linear problem.

Next, our task is to fit the planar curves by solving hyperbolic equation with the least
square method [19]. Given the residuals r; =g(x;;t)—y; (j=1,2,...m), we can
denote the residual vector as = (#(X) = Y,, #(X,) = Yy, -y #(X,)—Y,)", and the sum
of squares of each term in the residual vector r as follow:

S(to,y,---,tn):%i[itjséj(xi:t) _— @

iz j=0
where S is a quadratic function of t,,t,,...,t, as the independent variable. We need to
find t,,t,,...,t, to get the optimum of S, which can make the residuals attain the

minimum. When @(x;t) is a polynomial function, i.e., ¢(X;t)=t, + X+ t,x*+

et t X" = th¢j (x;t). An over-determined system can be obtained as follow:
j=0

1 ... X, X1” t, A

1 ... X, e XI? t =] Yi (8)
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We take partial derivatives with respect to the independent variables t),t,....t,
respectively and obtain as follow:
oS
5:2[(t0+tlxk+...+tnxf)—yk]
0 k=1
0S &
5: [(t, +tX +... +1. %) — Y, IX,
1

k=1

0S

a :Z[(to +EX LX) =y XD
k=1

n

It is given that partial derivatives to be zero. In order to fit the polynomial function
p(X)= t, + tx+ t,x*+ ..+t X", we need to solve a normal equation as follow:
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In this case, the residuals rj(x) are linear, and the problem of minimizing is a linear
least-squares problem. Therefore the residual vector can be written as r(x) =Qt—U for

some matrix Q and vector U, both of which are independent of x, thus the objective
function is

1 2
ﬂﬂsztim.

When it is a linear fitting problem, recall the form (8) and let
1 -+ 1 - 1Y
Q:[Xi e Xk e ij yt:(totl)T,UZ(Uluz)T:

As a result, we can obtain the normal equations which are transformed as a linear form
as follow:

Q'Qt=Q'U.
ie, (tL,t) =(QQ)'Q'U. (9)

According to the least square method, the coefficients t, and t, can be obtained as (9).
It is able to obtain the form of fitting curves as follow through substituting t into (6):

X
tX+t,

y(x) =
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Next, in order to get the appropriate fitting value, the direction of the planar curve
segments shall be determined. Firstly, we connect the two endpoints of the curve with a
chord. Then we draw a line through the middle point of the chord, which is perpendicular
to the chord and intersects at point p with the curve. The curve is split into two parts at

p, and we can obtain a sum of distances from points in each part to the line segment.

Finally, compared with the two sums of distances, we can get the position of the peaks,
which can be used to determine the start point of the hyperbola.

L
L.

kd -

Figure 5. Left: Original Image; Middle: the Method from [14]; Right: Shape
based on Salient Point Method
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Figure 6. The number of original points in edge image of MPEG7 is
compared to the number of salient points. Horizontal axis denotes each
image index in MPEG7 dataset, vertical is the point number of the image.
4. Experiments

In this section, we conduct on two data sets based on our proposed approach, which
are MPEG7 and ETHZ. MPEGY7 is a silhouette database which composes of 70 classes,
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and each class has 20 different shapes, with 1400 contour examples in total. There are
large variations with intra-class and similar inter-class for the various objects in the
dataset.

The salient method is implemented as follows. Firstly, the canny operator and edge-
linking algorithm are used to process the edge map, for purpose of obtaining the curves in
edge map. Secondly, CPDA technique is applied to find the corners. According to the
Gaussian method, we can find the candidate points of corner, then compute the distance
of a moving chord to each point, and then we can get the vertex of planar curve via
integrating the points between adjacent corners point and ellipse model. Finally, the
fitting method of hyperbola is applied on both classes of points (as shown in Figure 8). It
can be seen in Figure 6, that the number of salient points is reduced to less than 3
percents compared to the original curve point sequence, which largely simplifies the
number of points in edge images.

In this section, we set the chord length L as 10, 20, 30 respectively, and set the
R =2.6, i.e., the auto threshold value for the vertexes between the adjacent corners. It can
be observed from [14], that there are sharp extremities of the shape and the fitting outline
has obvious distortion like arc fragment in Figure 5. However, there is a better
performance as for curves approximation via partial hyperbola.

Another experiment is implemented on ETHZ dataset which contains five different
classes, that is, apples, mugs, bottles, giraffes and swans. There are one or more objects
in each image with 255 images in total. Meanwhile, the objects have large variations in
viewpoint, size, appearance and non-rigid deformation. Since the nature scene images
contains largely complicated boundaries in Figure 7, the image can be simplified with
very small amount of points with the salient approach proposed which can significantly
reduce the number of points in data storage or in transferring in communication.

Figure 7. Contour Completion with Salient Point Method on ETHZ

These images in this dataset are natural scene. As a contour completion task, the
sketching according to the image is complicated especially in natural scene. Topological
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persistence method [14] has a good performance in simple scene image, but the desired
result can't be achieved in natural image. In addition, the running time cost has been
largely increased. Only extreme points can be found in their method which sets a fixed
threshold with only considering the local minimum property. It is required to depend on
the curvature of more than one single point when the round corners are sought.

139k

L ¥
-« ®
<+ @
L
> ¥

Figure 8. Shape Contour Abstraction based on Salient Points

There will be a failure in finding them. Despite of same curvature, they may be
selected or not in different positions according to the situation. However, the fixed
thresholds cannot meet the requirement because the points will be all selected or not. In
consideration of the global properties of curves, the salient points method proposed are
robustness to local trivial noise invariance.

4.1. Computational Complexity

In this section, the detailed discussion is given on the computation cost of our
proposed method. In [1], Mohammad Awrangjeb et. al., described the total number of
operations is 2mn+n+408n , where n is the number of obtained candidate points
(n, <<n). Firstly, in order to detect the salient points, we add the seeking rounder
corner method, but this method only increasing n; computing operation with relation to
candidate points. Therefore, for the sake of the subcomponent of extracting salient points,
it is2mn+n+409n . Secondly, the least square method is used in order for the fitting
algorithm but only n  operation is increased, where n, is points on the boundary curve.
As a result, the total compute complexity is2mn+n-+409n .

The proposed algorithm was executed on a 2.20 GHz pc with 2G memory. The whole
procedure includes two stages that are extracting salient points and fitting curve
segments. The first step is divided into two parts, i.e. seeking the sharp points and curves
vertexes. The time of seeking salient points on the planar curves is as shown in Figure 7,
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excluding edge detection and contour extraction, the time varies from 0.0045 to 0.0086 s
according to the size of image and the complexity of the image scene.

5. Conclusion

In this paper, we have proposed a novel approach of abstracting contour by combining
salient point extraction and ellipse model. Moreover, the experimental results have
confirmed that our approach is very effective and practical. In our work, we have
creatively introduced the CPDA technique to salient point extraction, which can reduce
the computation cost largely. Furthermore, we used the ellipse model instead of Jordan
curve in previous methods in the process of representing the curves of target. In addition,
we give consideration to global characteristic for the purpose of realizing more robust
representation of target contour. In conclusions, our method makes contour abstraction
more usable in many computer vision applications. In the future work, we will apply the
approach to object outline contour detection and target boundary location.
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