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(Noise Removal for Level Set based Flower Segmentatlon)
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In this paper, post-processing step is presented to remove noises and develop a fully automated scheme to

segment flowers in natural scene images. The scheme to segment flowers using a level set algorithm in the natural

scene images produced unexpected and isolated noises because the level set relies only on the color and edge

information. The experimental results shows that the proposed method successfully removes noises in the

foreground and background.
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I. INTRODUCTION

High resolution phone cameras have been developed and
are widely used in the smart phones to get better image
quality. As increase of using those cameras, applications
running in the smart phones get also varied. For instance,
blooming flowers often attract our attention but we rarely
know their names. Thus, the applications are able to
provide the users with the name and the properties of
flowers taken by smart phones in any places using
automated flower recognition scheme.

Image segmentation is an initial but essential stage of
image recognition scheme to distinguish objects from
background. Also, the technology to extract plants from
natural scene images is useful and marketable for portable
devices like mobile phones or smart phones. Over the past
years, thus, a considerable number of studies have been

made on plants extraction in natural scene images to utilize

its applications such as image-based information search,
image-based plants indexing, and so on [1-4]. However,
it 1s still challenge task to automatically segment flower
area in the images because of a large percentage of color
distortion in the flower images, close-up photography [2].

In flower segmentation, various image data are mainly
used to get color features, shape features and size features
as well as texture features (leaf glossiness). For these
kinds of feature, the most important rose organs are petals,
flowers and leaves [5]. In our previous study [6], we
developed a new scheme to segment flowers using a level
set algorithm based on color and edge information in the
natural scene images taken by mobile phones. For the
accurate segmentation results and effective computational
a GMM(Gaussian Mixture Model) algorithm
was applied to find very close initial contour to the flower

efficiency,

area for the level set. However, the scheme provided the
segmentation results with isolated noises because the level
set relied only on the color and edge information, Thus, we
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propose a fully automated scheme to segment flowers in
natural scene images after taking out noises using simple
post-processing steps.

The remainder of this paper is organized as follows.
Section 2 describes the proposed methods including a
GMM to define the initial contour of the level set algorithm
which

post-processing steps. Section 3 provides experimental

is formulated in the next subsection and
results and discussion with the unique characteristics and
limitations of this study. Finally, the conclusions as well as

a future work are followed.

II. METHODS

Proposed method consists of initial segmentation, refined
segmentation stage, and post-processing (Fig. 1). Initial
segmentation stage includes k-means clustering and a
GMM algorithm. In the refined segmentation, a level set is
applied based on the initial contour indicated by the GMM
in RGB color space. Finally, noises are taken out in the
post-processing step to get the flower area.

Refined

Segmentation

Image acquisition Post-

using smart phones Processing

K-means
clustering

Level Set

Fig. 1. Proposed system to segment flower area with three
steps

1. Inmitial Segmentation
In order to initially segment flower area, we use a GNMM
algorithm. GMM

function represented as a weighted sum of Gaussian

is a parametric probability density

component densities. They can be emploved to model the
color distributions of an interesting object and background
Especially, GMM parameters are

in digital images.

estimated from training data wusing the iterative

Expectation-Maximization (EM) algorithm.
A GMM is a weighted sum of M component Gaussian
densities as given by the equation,
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M
plzln) =Y w,g(zl, Y) (1)
i=1 i
where x is a d-dimensional continuous-valued data
vector, w;i=1,---,M, are the mixture weights and,

g(a:lui-_z) gi=1,---,M, are the component Gaussian
-

densities.

In our previous study [6], we apply a k-means clustering
algorithm to create initial parameters for a GMM. Then, a
GMM algorithm is followed with two Gaussians: one
represents foreground (flower) while the other indicates
background. Especially, flower area has lower variation in
the pixel location than background area, because flower
area is generally located at the middle in the image by the
users during image acquisition. Therefore, to discriminate
which class presents the flower area we compare location
variations between flower area and background area. Then
the area with smaller location variation is considered as the

flower area.

2. Refined segmentation

Recently, level set algorithm was introduced as an image
segmentation tool using an energy minimizing method. The
algorithm is guided by speed functions that pull it toward
features such as lines and edges. The level set provides a
unified account of a number of visual problems, including
detection of edges, and subjective contours. However, it is
difficult for the algorithm to automatically make initial
contour and segment flowers in natural scene images
because of their complex shapes and multi-channel
characteristic of images. Especially, it takes too long for
the algorithms to find the objects in the images because of
their iterative execution.

In this stage, we use a level set algorithm to refine the
segmentation of flower area based on the initial
segmentation results by a GMM algorithm [6]. The level
set method specifies a deformable curve or surface as a
zero level set of a scalar signed distance functions,
¢: U—R, where we can think of ¢(s,t) as the dynamic
volumetric function changing in time ¢ [5, 2]. Thus, a curve
C can be

expressed as the following  set:

C=(z,y)ERYp(s,t) =0. This deformable  model
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separates the inside and the outside of some object; it is,
therefore, often referred to as the interface. Thus, the curve
or interface is given by the zero level set of the
time-dependent level set function ¢ at any time f.

Here, the geometric curve evolution equation is assumed
to be given by C, = r';_tC‘: Fn, where F is any speed
quantity that does not depend on a specific choice of
parameterization. Then, its implicit level set evolution

equation that tracks the evolving contour is given by
ao ,
=—=Flv
¢ = =FIvdl (2)
This relation is easily proven by applving the chain rule,
and using the fact that the normal of any level set is given
by the gradient,

6= <V6.C >

= <Vo.Fh>

. Vo
= F<Vp—">

Pl

= F vl

This

evolution on the X, v coordinate system. It automatically

formulation enables us to implement -curve
handles topological changes of the evolving curve.

Here, we are going to think about solving the level set
equation. Let  &(s,t" )represents the current values of ¢
at some grid point s and time ¢". Updating in time consists
of finding new values of ¢ at every grid point after some
time increment At. A rather simple first-order accurate
method for the time discrimination of equation (2) is the

forward Euler method given by

q‘b(.‘i,f” + 1)—(_-")(3,tn)
At

o= =F|vgl (4)

So along the time axis, solutions of level set equation are
obtained using finite forward differences, beginning with
an initial model and stepping sequentially through a series
of discrete time steps. Thus the update equation is given
by the following solution:

(42
—

(s, 8" 1) = (s,4") + ALF |V @, (

where F is a user—-defined speed term which generally

depends on a set of order n derivatives of ¢ as well as
other functions of s.

As the first issue to choose properly the speed function,
we may consider the image regularization problem which
removes the noise or spot. In general, we need techniques
that can remove noise without too much blurring. The
speed function in level set equation is chosen as the
smoothing term using mean curvature [7, 8]. As an
example, we consider the explicit curve evolution as the
geodesic active contour term, given by

C=(gle)k— < Vgn>)n (6)
The corresponding level set evolution is

Vo
|7 ¢l

o= (g(e) vl

Here if we take the function g() with one, then the speed
function in the corresponding level set equation becomes
the mean curvature of the level set S in the direction of the

curve normal n -

Yo (7)

F=ak(V . 55

Here this speed function is weighted by factor aq,
allowing the user to control the amount of smoothing, and
is tuned for each dataset. And a multiplicative stopping
term k; slows down the deformable curve near the
boundary and stops it at the boundary or edge of object.

This is given as

= 1
To1+Iv(GED)

(8)

Second, we can also consider another speed term. This
term can lead the deformable curve toward the edges in
the input data. It attracts the curve models to certain
intensity or color features in the input data. The idea using
this measure is that in many cases, the gradient direction
is a good estimator for the orientation of the edge contour.
We note that this measure gets a high value if the curve
normal has a same direction of the image gradient. As an

example, we also consider the explicit curve evolution as



the robust alignment term and the threshold term [9, 10].

The first variation as a gradient descent process is

C,= B sign(< ViIn=>)AMH~y(e,—c ) (I= (e, ;) /2)n,

where ¢, = |§1T|f N I!(:r_.y)d;rdy and

ol
Cy = ——F— [ z,y)dxdy.
o/al Q/ e Y /

The corresponding level set evolution is

B sign(< Vin>)AT
+ ";‘((:2—(:1)(1—((:1+<:2);"2)|V¢| (9)

o=

Finally, by combining two kinds of terms derived until

now, we can obtain the final level set evolution equation:

Vo
(ak, (v » VQ)
+ 8 sign(< VIVo >) Al
+’Y(f-’2_f1])(f_(!:| +(_:2)/2)

6= ¢y, + At o Vol (10)

3. Post Processing

After applying the level algorithm where the propagation
depends on color and edge in images, lots of isolated noises
in the foreground (flower area) and background appear. So,
we apply a simple method to remove the noises. Especially,
the users locate the flowers in the center of the scene as
the biggest object when taking the pictures using mobile
phones because the flowers are the main attracting objects.
isolated

Then, we

From the observation, we first remove all
foreground blobs smaller than the biggest one.
also take out any blobs smaller than the biggest

background.

IM. RESULTS AND DISCUSSIONS

To test the performance of the proposed method to
segment flower area using the level set, whose initial
contour is defined by a GMM with two Gaussians, and
post-processing, we applied it to the images taken by
mobile phones outdoors. A GMM clustering algorithm
roughly defined the initial boundary of the flower area in
Fig. 2. Then, the level set tracked the shape of the flower
area while its curve or interface was given by the zero
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level set of the time-dependent level set function at any
time. The iteration of the level set stopped when the
difference of the level set function between two adjacent

times was less than the predefined value.

Fig. 2. Example of the segmentation results using the
proposed method: (a) original input image (b) initial
contour of the level set defined a GMM (¢
intermediate result of a level set after 10 iterations
(d) final result at 45th iteration of the level set

A GMM is well known algorithm to segment interesting
objects in the images. However, because of the complicated
background and the homogeneous color information, it
often fails in accurately segmenting objects as shown in
3(a).

segmentation result for the more sophisticated method

Fig. However, it may be used as an initial
such as a level set. Also, level set may have a good guide
to help it forward to optimal boundaries of the flower area
based on the initial contour provided by a GMM as

depicted in Fig. 3(b).

/B4

(a) (b)
Fig. 3. Flower segmentation results: (a) by a GMM and (b)
by the level set algorithm

Especially, complicated background with similar color or
intensity to the interesting flower area induced lots of

noises in the foreground area as well as background area
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as shown Fig. 4. Our proposed simple post-processing
steps only rely on the size of the objects obtained by the
level set. However, they successfully removed all isolated
noises from the level

foreground and background

set-based segmentation results.

(c) (d)
Fig. 4. Intermediate results of the post-processing: (a) binary
image acquired by the level set algorithm where
white and black means flower area (foreground) and

background, respectively (b) and (c) result after
removing isolated foreground noises and after taking
out isolated background noises (d) final flower
segmentation result by the proposed method

Our method was able to segment various flowers
regardless of their colors (Fig. 5). However, the proposed
method still has a limitation such as that it tends fo
wrongly segment some backgrounds around edge between
foreground and background as flower area. In addition, the
precise extraction of an object of interest from the
background consisting of various objects is an essential
step for recognition [3]. Therefore, we will consider more
complicated information such as combination of color and
edge to identify noises in both foreground and background

as a future work.

%

Fig. 5. Segmentation results by the proposed method where
the first row depicts input images and the second
row shows their segmentation results

IV. CONCLUSIONS

Previously, we proposed a method to segment flower
area using combination of two algorithms including a
GMM and a level set to reduce computational efficiency
and increase segmentation accuracy. First, GMM was
applied to the input image to cluster or segment flower
area to set the initial contour of the level set. Then, level
set deformed the contour to the optimal solution. However,
lots of noises in both foreground and background appear
while preventing the user from satisfving the segmentation
results. In this study, we add post-processing steps into
the previous work to remove those noises. The experiment
results have shown that the proposed method successfully
removes lots of noises. However, the method tends to fail
In segmenting some segments into the other side.
Therefore, we will study on developing a robust method
color information and edge in

using  various

post-processing steps as a future work to tackle this

limitation.
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