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ABSTRACT
The level set method is included in the implicit ac-

tive contour family. This algorithm gives good results but
it is very slow, that is why we can find a lot of variants like
fast level set. The problem of fast level set we use is that it
needs to set a parameter. In this paper we describe a method
using an adaptative parameter. For that, this method anal-
yse the gradient in different places in the image to obtain
the best parameter according to the local image zone pro-
cessed. In our experiments, we demonstrate that fast level
set with an automatic and manual parameter gives similar
results concerning contour quality and execution time.
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Introduction
Image processing seems easy for a human. Never-

theless, it is difficult to implement it using mathematical
and computing tools. For this problem, there are many
segmentation methods that we can aggregate in three algo-
rithm main classes depending on whether we want to iden-
tify region with its content, with its border, or using global
knowledge. The active contours, used in image process-
ing and artificial video, have been introduced by Kass and
Witkin in 1987 [1]. They are used for the segmentation of
images and particulary to isolate objects in an image. The
two active contour families are parametric active contours
and implicit active contours. In these two type of active
contours, we want to solve this evolvution equation:

∂(C(s, t))
∂t

= FN (s, t).N(s, t) + FT (s, t).T (s, t) (1)

with C(s, t) the evolution curve, FN (s, t) the evolution
speed amplitude of the normal to the curve N(s, t) and
FT (s, t) the evolution speed amplitude of the tangent to the
curve T (s, t). The tangent has no effect for the geometric
transform of contour. In consequence, we can simplify the
evolution equation using only the normal like this:

∂(C(s, t))
∂t

= FN (s, t).N(s, t) (2)

Parametric active contour have been introduced by Kass et

al [1] and during these twenty last years, there was many
research in this domain. The parametric active contour
family is robust and are composed of several methods. In a
first time, Kass et al [1] suggested a minimization method
using technics of variationnel calculation. Amini and al [2]
demonstrated that this method is unstable and proposed
a new algorithm using dynamic programming. It is more
efficient but slower. Moreover, there is a method proposed
in [3], called greedy, which is more stable and quick. The
problem with this method is that it uses a lot of parameters
and does not permit topological changes.

Implicit active contour family that includes level set,
is an other approach and solves these drawbacks. It have
been introduced by Osher and Sethian in [4] and devel-
opped by Caselles and Maladi [5]. This method describe an
object of the dimension n using the dimension n + 1. The
dimension n is not calculated directly but deducts by the
upper function called level set function. Indeed, the active
contour will not evolve explicitly but with a three dimen-
sion function. The evolution of this function will give the
one of the contour. We define ψ : �2 −→ � the level set
function. This function can be defined like a three dimen-
sion function based on the two dimensions of the image and
a third dimension the height which gives the different lay-
out levels. So, the contour will be given by the intersection
of ψ and the layout define by ψ = 0. Initially, the contour
is the initial zero level of ψ defined as follow :

ψ(C(s, 0), 0) = 0, ∀s ∈ [a, b] (3)

The relation describe in equation (4) is preserved dur-
ing ψ evolution :

ψ(C(s, t), t) = 0, ∀s ∈ [a, b], ∀t ∈ [0, T ] (4)

Level set moves with an evolution function like this
one :

∂(C(s, t))
∂t

= g(|∇I|).(v + k).N(s, t) (5)

with v a positive constant which define the evolution
speed, k the curvature, the g(|∇I|) function which tend
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toward zero if the gradient takes a great value. Generaly,
this function is defined as :

g(∇I) =
1

1 + (|∇I|)y
where y ∈ {1, 2} (6)

N(s, t) is the normal of the curve.

Nevertheless, the level set method is very slow and
need a lot of calculation. For exemple, if the level set evolve
in a two dimension space, its complexity is O(n2) with n
the number of points of the picture. With dimension three,
the complexity isO(n3). To compare, the greedy complex-
ity is O(n). Many algorithms have been proposed to solve
this problem of speed like narrow band and fast level set.
The rule of narrow band algorithm [6] [7] is to compute ψ
function only in a limited zone around the zero level. For
each iteration, this algorithm permits to reduce the execu-
tion time. With the fast level set method [8], calculations
are limited by a band composed of two lists (called Lin and
Lout in Figure 1) which are around the evolution curve.
This algorithm keeps the same properties than level set and
improves the speed. But with this method, we have to give
an extra parameter. This work propose to compute auto-
matically this parameter.

Figure 1. Representation of Lin and Lout

After to have presented existant level set, we will
proposed a new method to find automatically the parameter
of fast level set. Finally, we will compare execution time
and contour quality using different methods.

The fast level set parameter
With the fast level set method, we use integral val-

ues. So the ψ function doesn’t use real values which repre-
sent distance between pixels and current contour in level set
method. The ψ function gives only one information which
is the location of the evolution contour. Consequently, it is
not possible to move the contour using ψ function but only
with the speed function. In our speed function we compare
the image gradient with a parameter. If the gradient of a
contour point is smaller than this parameter, we will return
a positive value else a negative value. The problem is to be

able to estimate this parameter. The method we chose is a
process which analyse gradient lines of the picture to obtain
a parameter as better as possible according to the location
in the picture. With these lines we can only keep gradients
we need to find the contour.

In order to have an easier segmentation, we chose to
apply a processing before using this method. The aim is
to intensify boundaries and, to reduce noise we blur in the
image. For that, we decided to use the Kuwahara filter [9]
discribed in Figure 2.

Figure 2. Four regions define for the kuwahara filter. In our
case, abscissa = ordinate = 5 and for each region the size
is[(abscissa+ 1)/2]× [(ordinate + 1)/2]

The central pixel is equal to the gradient mean of the
region which has the more little variance. This pixel is set
with the mean of the more homogenous region. The image
Figure 3 shows the effect of the Kuwahara filter.

Figure 3. a) An image with noise, b) The same image after
a Kuwahara filter

If we compare a gradient line of the original picture
with the one obtained with the Kuwahara filter (Figure 4),
we can see that filter intensifies gradient picks and reduce
noise.

International Conference on Communication, Computer & Power (ICCCP’07) Muscat, February 19-21, 2007

ISSN 1813-419X 428



Figure 4. a) Gradient line of the original picture, b) Gradi-
ent line after a Kuwahara filter

After this processing we have to find a good param-
eter. In a first time, we calculated the mean and standard
deviation of gradients. To compute a good parameter, we
have to find a parameter which permits to keep only the
most important gradients. With the mean, we sort many
gradients but it is not enough. So we have to add a filter
able to keep gradient picks. For that, we use standard devi-
ation which conforms with picture values.

coefficient = E(x) + α×
√
E(x2) − (E(x))2 (7)

with x the set of pixels of the closest gradient line. After a
test on several images, we can see that, if the value of α is
upper than 1, then the filter is too-strong and we don’t keep
gradients picks enough. So, we set α with 1 and like this,
we obtain good results. Nevertheless a global coefficient
can be a problem if the picture is complexe. That’s why
we use gradient line to divide the picture in regions and
compute a coefficient for each of them. We choose four
gradient lines in an image as shown Figure 5.

Figure 5. Gradient line initialisation

Using these gradient lines, we can have the position
of the contour according to the gradient picks. To know
the closest gradient line, we use angle computation. For
that, we use the following property : ”In a circle, an in-
scribed angle is the half of the center angle which in-
tercept the same arc.” As appear in Figure 6, the angle
ÂOB = 2ÂMB.

Figure 6. Circle property

If [AM] pass by the center O of the circle, [AM] will
be a diameter of the circle and whatsoever the location of
point B, the triangle ABM will be a rectangular triangle.
Then, we are able to calculate the angle ÂMB and so the
angle ÂOB.

ÂOB = 2.Asin(
chord [AB]
2.radius

) (8)

Nevertheless, this method can’t find an adapted co-
efficient when the gradient information is not significa-
tive, that is to say, when gradient line doesn’t cross an ob-
ject. Then gradients are constant and the parameter found
doesn’t give correct results. On the Figure 8-a, we can see
that this problem generates many parasite shapes.The line
of gradient doesn’t cross planes. Consequently, this line is
flat because it doesn’t contain strong gradients (Figure 7).

Figure 7. Vertical gradient line

To correct this problem, we chose to compare the
mean and the maximum of the gradient. If the maximum
gradient is lower than N times the gradient mean, then the
parameter is set to ”1 + maximum gradient”. Like this, the
contour will be stopped only by gradient picks in the con-
cerned region. After some tests, we can say that the value
seven for N generates good results. Here we try to detect a
specific event, that is why N doesn’t need a good precision
(for exemple ten gives similar results). With this change,
we obtain the segmentation shown Figure 8.
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Figure 8. a) The method without a comparison of the mean
and the maximum gradient b) The same method with a
comparison

Experimental results
In this part, we test the automatic fast level set and we

compare it with other methods like Greedy, level set, and
manual fast level set. To make quality tests, we use Pratt
criterion which is a good method [10]. It is an empirique
measure which compares a boundary card If and a refer-
ence card Iref . This method is defined by the following
formula:

PRA(If , Iref ) =
1

MP

card(Icont
f )∑

k=1

1
1 + d(Icont

f
, Icont

ref
)
(9)

with MP = max{card(Icont

ref
), card(Icont

f
)}, Icont

ref
the

reference contour and Icont

f
the contour tested. This

measure return 1 if the expert contour is identical with the
test contour. On the contrary, if the test contour is bad Pratt
return a value close to 0.

Firstly we test this method with a binary picture (Fig-
ure 9).

Figure 9. Binary picture (512× 384)

With Greedy method we need to use specific parame-
ter. We will use the following values with 0.5 for continuity
and curvature energy, 1 for balloon energy, 3 for gradient
energy, and then 100 points of control. The execution time
is 1.3 secondes but the quality is very bad with the value
0.35. Indeed, there are many acute angle in this image and

this is a problem for the greedy method.

The level set method is more precise than greedy with
a Pratt quality of 0.992. The problem is the execution time
which is too long (1 minute and 40 seconds).

With manual fast level set we obtain a good quality
with the value 0.992 (with this value, we can say that the
expert contour and the test contour are the same). The exe-
cution time is 1.55 secondes which is very well.

About automatic fast level set, we have the same kind
of quality with 0.992. The execution time of automatic fast
level set and manual fast level set is the same. We obtain
2.1 seconds.

Secondly, we test with a noisy image (Figure 10).

Figure 10. Noisy picture (640× 480)

The greedy (curvature = 0.3, continuity = 0.6, balloon
= 1, gradient = 3, point of control = 150) doesn’t give a
good segmentation. The quality is 0,26 and the execution
time is 3 seconds.

Noisy picture is an important problem for level set
method. Indeed, the contour moves slowly and with many
difficulties. That’s why execution time is important with
this king of picture. Here, the contour is perturbated by the
noise and we obtain the quality 0.

The manual fast level set is able to segment this pic-
ture with a quality of 0.8 and an execution time of 3.94
seconds.

With automatic fast level set the quality is good with
0.73 and the execution time is 4.69 seconds.

To finish, we try with a real image (Figure 11).
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Figure 11. Real picture (709× 531)

This plane is a complicated shape. With 0.6 for conti-
nuity energy, 0.7 for curvature energy, 1 for balloon energy,
4 for gradient energy and with 100 points of control, we
obtain the bad quality 0.12 with an execution time of 1.93
seconds.

The level set gives a good quality with 0.72. But, we
have to wait 18 minutes before the end of the algorithm.

With the manual fast level set method the quality is
0.75. Nevertheless, the execution time is much better than
level set with 2,7 seconds.

The automatic fast level set gives similar results with
a quality of 0.72 and an execution time of 3 seconds.

To conclude we can say than the results of the
automatic fast level set are correct. The quality and the
execution time are very closed than manual fast level set.

Conclusion
We have proposed a new method which permits to

compute automatically the parameter of the fast level set
used here. For that we have seen that a global parameter is
not efficient to process all the images. That is why we use
gradient lines to divide the image in regions to obtain an
adaptative coefficient. Moreover, automatic fast level set is
a good method because the quality and the execution time
is similar with manual fast level set. To finish, the advan-
tage of automatic fast level set is that we don’t waste time
trying to trim the parameter. Indeed, it is hard to find the
first time the obtimal parameter. Nevertheless, we cannot
decide which part in the picture we want to segment. The
automatic fast level set will select the bigest gradients.
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